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The present article is concerned with a commonmisunderstanding in the interpretation of statistical mediation
analyses. These procedures can be sensibly used to examine the degree towhich a third variable (Z) accounts for
the influence of an independent (X) on a dependent variable (Y) conditional on the assumption that Z actually is a
mediator. However, conversely, a significant mediation analysis result does not prove that Z is a mediator. This
obvious but often neglected insight is substantiated in a simulation study. Using different causal models for
generating Z (genuinemediator, spurious mediator, correlate of the dependent measure, manipulation check) it
is shown that significantmediation tests do not allow researchers to identify unique mediators, or to distinguish
between alternative causal models. This basic insight, although well understood by experts in statistics, is
persistently ignored in the empirical literature and in the reviewing process of even the most selective journals.
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As a prominent research aim is to understand the processes that
underlie empirical phenomena, a key methodological concept is
mediation. For empirical findings to gain real impact and to be
published in a major journal, researchers should not merely describe
the relationship between independent and dependent variable but
also try to explain that relation in terms of mediating processes.

Mediation analysis (Baron & Kenny, 1986; Judd & Kenny, 1981;
MacKinnon, Lockwood, Hoffman, West, & Sheets, 2002) is therefore
considered an important research tool; it “… is nowalmostmandatory for
new social-psychologymanuscripts” (Bullock, Green & Ha, 2010, p. 550).
In a nutshell, mediation analysis (MA) is a statistical procedure to test
whether the effect of an independent variable X on a dependent variable
Y (i.e., X→Y) is at least partly explained by a chain of effects of the
independent variable on an intervening mediator variable Z and of the
intervening variable on the dependent variable (i.e., X→Z→Y).

In this article,we point out a basicmisunderstanding aboutwhatMA
can do and what it cannot do. We neither want to argue that the state-
of-the-art statistical procedures used for MA are flawed or biased
(cf. Bullock et al., 2010), nor do we postulate that scientists should
refrain from MA. There can be no doubt that clarifying mediation is at
the heart of high-quality research, and that the various statistical
instruments developed for MA are appropriate if their stochastic and
metric preconditions are met (see MacKinnon et al., 2002).

Ournote pertains, rather, to amajor categorymistake concerning the
theoretical insights that can be gained from such statistical analyses.
That fundamental mistake consists in the widely shared belief that MA
can actually find out amediator, or infer whether a particular variable is
a unique mediator, or that significant mediation tests provide cogent
evidence for the causal role played by the focal variable suggested in the
preferred mediation model.

Such inferences are unwarranted and should be excluded from
logically sound theoretical arguments. What MA can do is testing the
significance, and maybe the effect size of a hypothetical mediator,
assuming it is the actual mediator. However, MA is mute about the
viability of the premise that the assumed intervening variable truly is a
mediator. MA does not even allow for probabilistic inferences about the
likelihood that the focal variable is amediator as long aswedo not know
the likelihood distribution of all other potential mediators and
alternative causal models of the relation between the independent,
the dependent and the intervening variable. Although this insight is
certainly not new(e.g.,MacKinnon,Krull& Lockwood,2000),webelieve
that these limitations are not sufficiently well-articulated in social
psychology. Researchers, reviewers, and editors of leading journals take
it for granted thatmediators can be identified statistically. The literature
on mediation analysis offers sophisticated insights into statistical
procedures for estimating the parameters of given mediation models.
The present critique, in contrast, is not concerned with any problems of
statistical estimation but only with the logic of theoretical inferences
that can be drawn from MA in the context of scientific discovery.

In the next section, we point out that a mediation model is only one
of many possible causal models that can be used to describe a set of
observed correlations or covariances, and thatmodels capturing different
theoretical assumptions may not be distinguishable statistically. In a
following section, we present a simulation study to demonstrate that a
variety of different causal data-generating processes can yield observed
correlation patterns which spuriously resemble that of a true mediation
process.

http://dx.doi.org/10.1016/j.jesp.2011.05.007
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Mediation analysis of a given set of correlations

We respectfully quote from well-done studies that use MA in
intelligent ways but nevertheless exemplify the common misinterpre-
tation of MA findings. With regard to long-term consequences of early
attachment styles, Simpson, Collins, Tran, and Haydon (2007) conclude
“… the current tests of the double-mediation hypothesis substantiate
the contention that qualities of early caregiving are carried forward by
the salient relationships of successive developmental periods” [p. 364].
With regard to the mediation of the impact of social contact on
prejudice, Turner, Hewstone, and Voci (2007) reason that “self-
disclosure improvedexplicit outgroupattitudeviaempathy, importance
of contact, and intergroup trust” [p. 369] and that “we confirmed
intergroup anxiety to be a mediator of the effect of direct and extended
contact” [p. 382]. In a recent persuasion study, Tormala, Falces, Briñol,
and Petty (2007) conclude: “unrequested cognitionsplayed amediating
role in the ease of retrieval effect on judgment” [p. 143].

Toexamine theunwarranted inferences fromMAmore closely, let us
refer to one prominent topic of social–psychological research, the
elaboration of arguments in persuasion experiments (Meyers-Levy &
Maheswaran, 1992; Tormala et al., 2007). In numerous experiments
inspired by the elaboration likelihoodmodel (Petty& Cacioppo, 1986), a
common assumption is that attitude change via the central route (i.e.,
given sufficient cognitive resources) depends on thedifferential amount
of supporting minus opposing cognitive responses in the recipient, as
assessed in a thought-listing task. This measure is conceived as the
crucial mediator variable. The impact of attitude quality (independent
variable X) on attitude change (dependent variable Y) is supposed to be
mediated by the recipients' cognitive responses (Z), as illustrated in
Fig. 1. For a statistical test of this mediation hypothesis, researchers
would typically follow the rules suggested by Baron and Kenny (1986),
showingfirst thatX is not only related to Y, butX is also related to Z and Z
in turn to Y. By partialling out the third variable Z, it is then possible to
test the hypothesis (e.g., via Sobel test) that the residual impact ofX on Y
is eliminated or reduced when the indirect path via Z is ruled out.

No doubt, such a test is clearly warranted and actually mandatory,
because if Z is indeed amediator, a logically sound implication is that the
correlation between X and Y must be reduced when Z is partialled out.
However, a typical problem with logical implications is that if-then
statements cannot be reversed. If controlling for Z reduces the
correlation between X and Y, this by no means implies that Z must be
amediator. No correlation statistics canprove that an allegedmediator is
causally involved in the production of an effect. There is always the
possibility that other potential mediators provide alternative explana-
tions. Moreover, what appeared to be a mediator may actually play a
different causal role (e.g.,MacKinnonet al., 2000; Stelzl, 1986). Statistical
analyses that focus only on one or a few selected mediators, whilst
Significant 
r(Z,Y ) Significant 

r(X,Z) 

Message 
strength (X) 

Attitude 
change (Y ) 

Cognitive 
responses to 
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arguments (Z ) 
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Z is partialled out  

Significant r(X,Y ) … 

Fig. 1. Illustration of a mediation analysis in the context of persuasion research: The
impact of message strength (X) on attitude change (Y) is supposed to be mediated by
the recipients' cognitive responses (Z).
neglecting countless other variables, canhardly contribute to identifying
the truemediator. Statistical tests are always conditional on the premise:
If a mediator is at work, is its impact significant? They cannot tell us
whether a given variable is amediator, because they cannot rule out that
many other causal models provide an equivalent or even better account.

Let us again use the role of thought listing in persuasion
experiments to illustrate this case. We can impose different causal
interpretations on the tri-variate relationship between X, Y, and Z,
reflecting completely different cognitive-process assumptions. Four
possibilities are presented in Fig. 2. The first possibility (diagram a) is
that Z is indeed a genuine mediator between X and Y. That is, strong
arguments may actually elicit supportive cognitive responses in the
recipient which may in turn cause the resulting attitude change.

Secondly, it is also possible that the third variable Z, as it was
measured in the study, may only be a spurious mediator, that is, a
correlate of another variable Z′, which is the real causally effective
mediator (see diagram b). As Z is correlated with Z′, it can mimic the
entire pattern of correlations between all three variables. Nevertheless,
in spite of their substantial correlation, the psychological interpretation
of Z′ may be fundamentally different from Z. For example, the real
mediator of the attitude influencemay not be the number of supportive
cognitive responses to the persuasive arguments but the sympathy for
or identification with the communicator. Psychologically, such a
mediator would be fundamentally different from cognitive responses
to arguments, although it may also be manifested in a thought-listing
task. This example highlights thegeneral problemthatmisspecifications
of the causal model, including omissions of true mediators, may lead to
biased results and severe misinterpretations (Judd & Kenny, 1981,
pp. 607f.).

A third possibility is that Z is not a causal mediator but simply a
correlate of the dependent variable (diagram c), that is, another
reflection of the resulting attitude. Z (i.e., supporting thoughts vs.
counter-thoughts) may just represent an alternative measure of the
attitude change induced by the difficulty treatment. This is particularly
plausible when the thought-listing measure Z was assessed after the
dependent measure Y, as is often the case in pertinent experiments.
However, even when cognitive responses are assessed online, during
message encoding, they may be conceived as an immediate manifesta-
tion of the dependent variable, attitude change. As an influence
may arise exerted quickly, it may affect all attitude-relevant inferences
from the beginning, including declarative measures (i.e., verbal and
Z
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Fig. 2. Different causal models for the interpretation of the same intercorrelations
between three variables, X, Y, and Z.
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introspective thoughts) as well as procedural (cognitive or physiolog-
ical) measures.

Assuming that Z is a correlate of Y can also explain the joint
dependence of Z and Y on X: If both Z and Y reflect attitude change and if
attitudinal effects in general reflect difficulty, X, then both Y and Z can be
expected to correlatewithX. Themodel that specifiesZ as a correlate ofY
therefore appears equally compatible with the data as the mediator
model in diagram a. In fact, these two models are formally equivalent
and thus indistinguishable on merely statistical grounds. Whether the
underlying processes of the correlate model can actually produce a
correlation pattern thatmimicsmediation is an empirical andnumerical
question that will be addressed in the simulation study reported below.

Analogous to the assumption that Z is a reflection of the dependent
measure Y, the fourth and last model in diagram d assumes that Z is
a second measure of the independent variable X. Let us call this
role played by Z a manipulation check. That is, Z may be just another
measure of argument strength. Supportive cognitive responses may
indicate strong arguments whereas rejecting responses may indicate
weak arguments. Indeed, the way in which strong and weak
arguments are selected in pretesting often seems to follow this
rationale. If, however, Z is but a manipulation check or a reflection of
the construct behind X, then it makes perfect sense that Z like X also
correlates with Y.

However, notably, although the manipulation check model can also
assimilate the given correlation pattern, it differs from the othermodels
in that it will not pass a MA test. If Z and Y are independent effects of a
Table 1
Mean and standard deviation (SD) of mediation analysis results (Sobel z) as a function of d

n=100 n=200

rxy rxz rzy rpartial Sobel z rxy

Mean SD

0.08 0.30 0.30 −0.01 2.15 0.12 0.09 0
0.16 0.30 0.50 0.01 2.70 0.04 0.15 0
0.21 0.30 0.70 −0.01 2.95 0.01 0.22 0
0.14 0.50 0.30 −0.01 2.45 0.41 0.16 0
0.23 0.50 0.50 −0.02 3.76 0.20 0.24 0
0.36 0.50 0.70 0.01 4.71 0.09 0.35 0
0.21 0.70 0.30 0.00 2.15 0.61 0.22 0
0.35 0.70 0.50 0.00 3.72 0.53 0.35 0
0.49 0.70 0.70 −0.01 5.64 0.35 0.49 0
0.07 0.30 0.21 0.01 1.64 0.39 0.07 0
0.11 0.30 0.35 0.01 2.30 0.29 0.11 0
0.16 0.30 0.49 0.01 2.67 0.10 0.16 0
0.12 0.50 0.21 0.02 1.65 0.62 0.11 0
0.18 0.50 0.34 0.01 2.70 0.51 0.17 0
0.24 0.50 0.49 0.00 3.63 0.39 0.26 0
0.16 0.70 0.21 0.01 1.42 0.72 0.15 0
0.25 0.70 0.36 0.00 2.60 0.81 0.26 0
0.34 0.70 0.48 0.01 3.54 0.79 0.35 0
0.30 0.10 0.30 0.29 0.82 0.75 0.30 0
0.30 0.15 0.50 0.26 1.44 0.84 0.30 0
0.30 0.20 0.70 0.23 2.00 0.67 0.30 0
0.50 0.15 0.30 0.48 1.15 0.45 0.50 0
0.50 0.25 0.50 0.45 2.22 0.49 0.50 0
0.50 0.35 0.70 0.38 3.33 0.58 0.50 0
0.70 0.21 0.30 0.68 1.33 0.20 0.70 0
0.70 0.36 0.50 0.65 2.61 0.21 0.70 0
0.70 0.48 0.70 0.58 4.26 0.16 0.70 0
0.30 0.30 0.10 0.29 0.12 0.83 0.30 0
0.30 0.50 0.15 0.27 −0.03 1.00 0.30 0
0.30 0.70 0.22 0.21 0.16 0.91 0.30 0
0.50 0.30 0.15 0.48 0.00 0.97 0.50 0
0.50 0.50 0.24 0.45 −0.08 1.03 0.50 0
0.50 0.70 0.33 0.40 −0.32 0.87 0.50 0
0.70 0.30 0.21 0.69 −0.03 0.84 0.70 0
0.70 0.50 0.34 0.65 −0.18 0.94 0.70 0
0.70 0.70 0.49 0.57 0.02 1.03 0.70 0
0.30 0.30 0.30 0.23 1.89 0.03 0.30 0
0.50 0.50 0.50 0.33 3.01 0.07 0.50 0
0.70 0.70 0.70 0.41 4.08 0.07 0.70 0
common cause X, then controlling for Z should not affect the statistical
relationship between X and Y, as will be explained below.

In any case, most empirical studies allow for many roles played by
an alleged mediator Z, and for many alternative mediators Z′, Z″, Z‴
etc. to be ruled out. The truism that every empirical correlation can be
in principle explained alternatively by a third variable applies to
mediator variables as well. Moreover, the multitude of alternative
explanations includes a variety of possible combinations of different
causal models that may be jointly at work.

A simulation study

So far, we have only discussed the possibility that different causal
models are equally compatible with a given pattern of correlations or,
covariances and variances. To illustrate the crucial point that essentially
different underlying data-generating processesmaymimic an apparent
mediator, we ran a simulation study. Under the constraints of the causal
models in Fig. 2 (i.e., genuine mediator, spurious mediator, correlate,
manipulation check), we generated normally distributed random
variables X, Y, Z such that specific assumptions about their pairwise
correlations r(X,Y), r(X,Z), r(X,Y) were met. These data were then
subjected toMA, according to Baron and Kenny (1986), using the Sobel
test statistic as a convenient index. One hundred replications were run
for each combination of the fixed correlation parameters within each
causal model. Means and standard deviations of the resulting Sobel z
test statistics are reported below in Table 1 and Figs. 3 and 4.
ifferent causal models and two sample sizes (across 100 simulation trials).

rxz rzy rpartial Sobel z

Mean SD

.30 0.30 0.00 3.04 0.11 Mediator

.30 0.50 0.00 3.84 0.04

.30 0.70 0.01 4.19 0.01

.50 0.30 0.01 3.38 0.32

.50 0.50 −0.01 5.33 0.20

.50 0.70 0.00 6.71 0.09

.70 0.30 0.01 2.99 0.60

.70 0.50 0.01 5.27 0.55

.70 0.70 0.00 7.99 0.36

.30 0.21 0.01 2.37 0.46 Spurious mediator

.30 0.35 0.00 3.29 0.27

.30 0.49 0.01 3.80 0.10

.50 0.21 0.00 2.40 0.60

.50 0.35 0.00 3.95 0.57

.50 0.49 0.01 5.21 0.41

.70 0.20 0.01 1.91 0.80

.70 0.36 0.01 3.56 0.80

.70 0.49 0.01 5.17 0.65

.09 0.30 0.29 1.16 0.66 Correlate

.15 0.50 0.27 1.98 0.75

.21 0.70 0.22 3.00 0.68

.15 0.30 0.48 1.77 0.43

.25 0.50 0.45 3.15 0.48

.35 0.70 0.38 4.75 0.54

.20 0.30 0.69 1.98 0.28

.35 0.50 0.65 3.79 0.15

.49 0.70 0.57 6.11 0.20

.30 0.09 0.29 0.01 1.02 Manipulation check

.50 0.14 0.27 −0.13 0.92

.70 0.20 0.23 −0.18 1.06

.30 0.15 0.48 0.01 0.90

.50 0.26 0.44 0.12 0.99

.70 0.34 0.39 −0.12 0.80

.30 0.22 0.68 0.20 1.03

.50 0.35 0.65 0.04 1.03

.70 0.49 0.57 0.03 1.02

.30 0.30 0.22 2.70 0.08 Cluster

.50 0.50 0.33 4.28 0.08

.70 0.70 0.41 5.83 0.11
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Fig. 3. Average Sobel z score obtained in mediational analysis for genuine mediators
and spurious mediators as a function of sample size (n=100 vs. 200) and different
pairwise correlations between independent variable (X), dependent variable (Y) and
hypothetical mediator (Z).
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For the simulation, normally distributed random variables X, Y, and Z
weregenerated according to the following rules. In the genuine-mediation
condition, Zwas first generated to bear a substantial correlation r(X,Z) to
the independent variableX. Then thedependent variableYwasgenerated
to correlate at the level of r(Y,Z) with the mediator Z. The resulting
correlationbetween independent anddependent variable, r(X,Y),was left
open to vary as a sole function of the causal path from X to Z to Y.

In the spurious-mediator condition, we first established a genuine
mediator relation, calling themediator Z′. We then generated Z to bear
a strong correlation, r(Z,Z′)=0.7 with the genuine mediator Z′.

In the correlate condition, Ywas first generated to correlate at r(X,Y)
with X, and Zwas then generated to correlate with Y, at the level r(Y,Z).
No further constraints were imposed on the remaining relation r(X,Z).

Finally, in the manipulation-check condition, the r(X,Y) relation
was also generatedfirst, and Zwas constrained to bear a specific relation
r(X,Z) to the independent variable X, whereas r(Y,Z) was unconstrained.

We restrict our simulation to these four generationmodels that we
suspect to represent some of the most common misinterpretations of
covariates. There are of course other models that might be simulated
and different ways of generating the present models. We particularly
refrain from more refined models that distinguish latent and
measured variables, simply because the logical insights to be gained
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Fig. 4. Average Sobel z score obtained in mediational analysis for different causal
models (correlate, manipulation check; cluster) as a function of sample size (n=100
vs. 200) and different pairwise correlations between independent variable (X),
dependent variable (Y) and hypothetical mediator (Z).
here can be illustrated with a small set of simple models that, for the
sake of simplicity, equate observed and latent variables.

The same procedure was repeated for different sample sizes
(n=100 and 200) and different patterns of correlation. For
convenience, we let all generated correlations take on three different
values, 0.3, 0.5, and 0.7, supposed to represent weak, strong and very
strong relations, respectively. In addition to the Sobel test measure z,
we also monitored the values of those emergent correlations that
were not constrainedwithin certain causal-model conditions (e.g., the
resulting value of r(X,Z) given the correlate model).

Detailed numerical results for both samples sizes (n=100 and 200)
are given in Table 1. Thefirst block of nine rows provides the data for the
genuine mediator condition; the three subsequent blocks refer to the
spurious-mediator, correlate, and manipulation-check conditions, re-
spectively. (The last block of three rows, labeled “Cluster”, will be
introduced in the final discussion.) From the first three columns it is
evident that within each block, one of the three correlations is allowed
to vary freely as a function of the other two correlations,which are set to
values of 0.30, 0.50, or 0.70. Marked in italics, the free-floating
correlation is r(X,Y) for mediators and spurious mediators, r(X,Z) for
the correlate model, and r(Y,Z) for the manipulation-check model. The
last two columns present the means and standard deviations of the
Sobel z statistics obtained in all 100 simulation trials underlying each
row. Fig. 3 summarizes themean Sobel z values graphically, providing a
convenient overall impression of significant MA results for genuine
mediators as well as other causal models.

Obviously, the causal history of a significant Sobel test does not
need to be a genuinemediation process. The Sobel test statistic z often
exceeds the significance threshold (z=1.96 for α=0.05), regardless
of whether Z is actually a mediator or not. Moreover, the relatively
small standard deviations in the right-most column of Table 1 suggest
that these significant results can be expected to occur fairly often.

Consider the genuine-mediator condition first. Table 1 and Fig. 3
demonstrate that the statistical procedures do what they promise to
do.When Z is a genuinemediator, evidence formediation (manifested
in z values exceeding the gray horizontal line in Fig. 3) increases
regularly with increasing r(X,Z) and also with increasing r(Y,Z) levels.
It is also evident from Table 1 that MA results increase from n=100 to
n=200. Almost any reasonable pattern can be raised to significance
by running a sufficiently large sample.

However, if Z is a spurious mediator, the resulting z are only slightly
weaker, producing many significant results, if r(Y,Z) and r(X,Z) are not
too small. The overall pattern is very similar to the genuine-mediator
pattern, thus testifying to the well-known difficulty to distinguish
between highly correlated variables (i.e., the true mediator Z′ and its
reflection Z).

A similar pattern arises when Z is simply a correlate of Y. If r(Y,Z) is
not too low – the premise of this model – most z values become
significant, especially when n is large. Although the causal generation
process in this condition only constrains the r(Y,Z) correlation, a
substantial relation between X and Y is sufficient to let r(X,Z) also be
strongenough inmany cases to produce a systematicmimicry of Zbeing
a mediator of the X–Y relation.

One noteworthy exception can be found in the manipulation-check
model (cf. Fig. 4). When Y and Z are generated as independent
(unconstrained) correlates of the same common cause X, there is no
false evidence for spurious mediation effects. This clear-cut elimination
of significant z results, even for very large samples, can indeed be
expected on logical ground. Formally, the indirect effect of X on Y (via Z)
is the product of two regression coefficients: (a) the regression
coefficient of the intervening variable Z on the independent variable X,
bZX, and (b) the regression of the dependent variable Y on Z in amultiple
regression equation with X as additional predictor, bYZ·X. In the
manipulation-check scenario with X as a common cause of Z and Y,
the relationship between the dependent variable Y and the alleged
intervening variable Z is fully mediated by the independent variable X,
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so that bYZ·X approaches zero and, as a consequence, the product of bZX
and bYZ·X does not deviate from zero either. In the correlate scenario, in
contrast, both bZX and bYZ·X differ from zero for any substantial values of
rXY and rZY , thus mimicking significant mediation for sufficiently large
samples.

Merits and perils of mediation analysis

Our critique of premature mediation inferences can be summa-
rized in a straightforward message: the statistical rationale of MA, as
stated by Baron and Kenny (1986) and MacKinnon et al. (2002), must
be understood within a one-sided if-then logic. If it is true that Z is a
mediator of the impact of X on Y, then MA can be used to test the
statistical significance of this mediator model. However, backward
inference is logically unwarranted. If a statistical test of Z happens to
be significant, this cannot be taken as cogent evidence that Z is truly a
causally effective mediator (or even a partial mediator) of the X–Y
effect. Like any logical implication, “if Z is mediator, then it will be
significant in a mediator analysis” is not symmetrical, simply because
X→Z→Y is not the only causal path leading to Y.

Behavioral phenomena are typically determined by multiple causes
and several sensible levels of explanation. If one hypothetical mediator
test proves significant, this does notmean that the hypotheticalmediator
is causally effective. Strictly speaking, it does not even imply an increase
in the relative likelihood that the focal mediator is at work, compared to
the likelihood of alternative mediators. Why should a significant Sobel
test increase the likelihood that it reflects a genuine mediation effect
more than the likelihood that it reflects a correlate of the dependent
measure, attitudechange, or analternativemediator? For inferences from
MA to causal processes to be possible, itwould benecessary to specify the
likelihood functions of all possible causal models. As such information is
virtually never available, there can be no backward inference from a
significant MA test to the validity or truth of causal assumptions.

What the reported simulations have shown, rather, is that a
significant MA statistic can arise for different reasons. If a variable Z is
generated to be a genuine mediator, it will indeed prove significant.
However, Z will also be often significant when it is not a mediator but
just a correlate of the dependent variable, Y, or a correlate of the true
mediator with a fundamentally different theoretical meaning.

Let us try to paraphrase this message in terms of the psychology of
scientific discovery. A researchermay not have strong theoretical reasons
to assume that Z (rather than many other variables, Z′, Z′, Z‴, etc.) is
causally responsible for an effect. However, Zmay be an easily assessable
variable that is somehow related to the observed Y effect, or Z may be a
popular construct that fits the current mainstream, or a confound of
genuinemediators that are unknown and not included in a study or that
are not amenable to simplistic measurement. Then, as we have seen, Z
may nevertheless mimic a mediator and survive a significance test.

Let us depict onemore alternative model to highlight this scenario.
This model is labeled “Cluster” in Table 1 and Fig. 4. Let us assume our
researcher has simply gathered three redundant measures X, Y, and Z
of the same latent construct. Their causal structure is completely
unknown. Given such a diffuse cluster, the researcher has an easy time
to find statistical support for any of the three variables as amediator of
the influence between the other two, in any direction, supporting the
researcher's favorite hypothesis. Thus, given three homogeneously
correlated variables, MA may confirm any arbitrary mediation model.

To illustrate this diffuse case with the persuasion example, let us
assume that argument strength (X), posterior attitude (Y), and the
tendency to generate supportive cognitive responses (Z) all reflect the
same latent construct, the attitude itself. To simulate this case, we ran
MAs at three levels of homogeneous intercorrelations that do not
place any constraints on the causal process, setting r(X,Y)=r(X,Z)= r
(Y,Z)=0.3, 0.5, and 0.7, respectively. The triangles in Fig. 4 show that
all z values but those for the smallest r at the smallest n level were
significant. Apparently, drawing a sample of redundant variables from
a homogeneous set is sufficient to mimic a mediation effect, provided
that the sample size is not too small.

Wedonotwant to bemisunderstood as conveying a purely skeptical
message regarding the theoretical usefulness of MA. Our critique is
rathermeant to be constructive and built on the firmground ofwhatwe
have all along taught our students about correlation statistics. Like all
correlation statistics, MA is not essentially weak or misleading. If it is
correctly taken for what it is – namely, an elaborate methodology for
testing correlational hypotheses – there is a lot to gain fromMA. It offers
sound procedures for testing the strength and significance of a selected
causal model, or for comparing different causal models. However,
crucially, like all correlation methods, it cannot identify causes or true
mediator variables that play the leading causal role within a theoretical
explanation. Whether a selected causal variable reflects a real cause or
not cannot be determined statistically. This is a matter of clever
theorizing, convergent validation, analytical conventions, and experi-
mental tests of antecedence–consequence relations (Roberts & Pashler,
2000; Campbell & Fiske, 1959; Slovic, 1962).

Researchby Fiedler,Walther, Freytag, andStryczek (2002) illustrates
this point with regard to the distinction of a mediator versus a
moderator model. On each trial of a stimulus series, participants saw a
cartoon of a male agent trying to mate a female partner using either a
direct or an indirect verbal strategy. Across all trials one strategy (e.g.,
direct) wasmore successful, leading tomore positive female responses.
However, within both subsets of females, cool women and emotional
women (symbolized by turquoise and red head color, respectively), the
other (e.g., indirect) strategy was more successful. To solve this variant
of Simpson's (1951) paradox, participantshad tofindout that emotional
womengive generallymorepositive responses and that direct strategies
mostly came along with emotional women.

Participants could either interpretwomen typeas amoderator or as a
mediator. If the difference of cool versus emotional women existed
(visible in head color) as a moderating condition prior to the male
utterance, the seeming advantage of a direct strategy can be discounted
as merely due to the easier subset of women approached with a direct
strategy. In contrast, if women types were framed as a mediator in that
females took on their head color only after themale strategy, suggesting
that a direct strategy (X) elicited an emotional reaction (Z)which in turn
produced a positive response (Y), then onemight reasonably continue to
believe that direct strategies lead to more success (mediated by female
emotion) than indirect strategies. Indeed, judgments of the success of
direct strategies were higher in the mediator condition than in the
moderator condition. Thus, the same correlation pattern was either
interpreted as amediation effect (if Z followedX in close contiguity) or as
a moderator effect (if Z was predetermined). Correlation statistics
contribute nothing to disambiguate the causal model. That “correlations
are an instrument of the devil” (Birnbaum, 1973) may sometimes be
true, but only when researchers hold unwarranted expectations about
correlations. All correlation analyses have a Protean quality; their
answers are severely biased towards the questions that researchers are
asking. They themselves cannot identify causes or crucial mediators that
are not already presupposed in the research question. They cannot even
demonstrate an increase in theposterior probability that a significant Z is
actually a mediator.

The Kantian argument that a mediator is assumed a priori rather
than found a posteriori should neither discourage researchers nor
undermine the simple beauty of correlation statistics. They offer
standardized ways of describing empirical relationships, a natural
measure of agreement, and a generally applicable index of effect size.
Moreover, correlation methods are sorely needed as basic statistical
modules in spectral analysis, Fourier analysis, information theory,
artificial intelligence, and in many other contexts.

Correlational analyses are not generally inferior to experimental
analyses. They are indispensable to illuminate certain causal constella-
tions that experimental designs would conceal. This is particularly the
case for mediators, which are systematically ruled out by orthogonal



1236 K. Fiedler et al. / Journal of Experimental Social Psychology 47 (2011) 1231–1236
designs. For example, if themediation assumption is true–which is still a
sensible and theoretically inspiring option – a natural correlation
between argument strength (X) and cognitive support (Z) carries over
to an attitude change effect (Y). Forcing X and Z into the straight jacket
of an orthogonal design would artificially undo the correlation that
is crucial to understanding the psychological process leading from X to Z
to Y.

Thus, there is no alternative to advanced correlational methods
when it comes to analyzing and testing naturally occurring mediation
effects. In order to substantiate the hypothesis that Z represents a
mediator of the X–Y relation, a significant mediation test would afford
a necessary condition. It is, however, not a sufficient condition for the
identification of Z as a mediator that was not identified or assumed
before. In other words, MA must not be misunderstood as the final
link in a scientific inference process that leads to the a-posteriori
identification of the true or ultimate or most important mediator. All
that MA can do is checking on a necessary condition of a causal model
that already exists on a-priori grounds.

Even when Z (e.g., cognitive responses) is a genuine mediator, the
same relation can also be construed as mediated by Z′ (e.g., sympathy-
based motivational state) or by Z″ (e.g., suggestibility as a personal
disposition) or by Z‴ (e.g., underlying neural mechanism), and so forth.
Which level of explanation is chosen depends on the researcher's
embedding theory, her scientific discipline, the kind of planned
interventions, and her intuitions about what constitutes a fertile and
promising theoretical approach.

There is no a-priori reason to believe in the existence of a unique
mediationmodel. TodecidewhetherZ is a genuinemediator, as specified
by the model X→Z→Y, researchers may reasonably try to manipulate
mediators experimentally, though experimental mediation analysis can
be problematic too (Bullock et al., 2010). For instance, if an influence of
X on Y remains significant although Z is held constant or controlled
statistically, then Z cannot be assumed to mediate the residual effect.
Likewise, if the orthogonal manipulation of X (independent variable)
and Z (mediator candidate) eliminates theX→Z correlation, a persisting
influence of X on Y could be no longer due to Z as a mediator. These
exampleshighlight, though, that suchexperimental testswillmore likely
lead to the falsification of amediator hypothesis than to its verification—

a truism uncovered by Popper (1959).

Conclusion

To summarize, even when alternative theoretical models are
considered by a researcher, different theoretical assumptions con-
cerning the role of intervening variables can be empirically indistin-
guishable because of mathematical model equivalence (MacKinnon
et al., 2000; Stelzl, 1986). Therefore, the causal role of intervening
variables cannot be determined by statistical analysis alone, but
design features like experimental manipulation with random assign-
ment, longitudinal analysis of temporal antecedence, or other control
mechanisms (e.g., Rubin, 2006) have to be employed to circumvent
the limitations of correlational analysis and its interpretation. As is the
case with any statistical hypothesis, empirical confirmation of a
mediation hypothesis (i.e., decomposition of a total effect X→Y into a
significant indirect effect X→Z→Y and a reduced direct effect X→Y
controlling for Z) does not imply that the underlying psychological
hypothesis (i.e., causal chain X→Z→Y) is true. The statistical
hypothesis that is tested in a mediation analysis may be confirmed
although the empirical pattern of correlations is generated by other
processes than those specified in the presumed theoretical model.
Pointing out this basic insight was the purpose of the present article.
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