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Conducting Mediation Analysis in Marketing Research
By Carsten L. Demming, Steffen Jahn and Yasemin Boztuğ

Marketing researchers frequently conduct
mediation analysis to enrich their understand-
ing of a focal causal relationship by examin-
ing its underlying mechanism. The main pur-
pose of this review is to provide an overview
of what mediation analysis means, which ap-
proaches exist to establish mediation, and
how to conduct mediation analysis with the
state-of-the-art methodology. In the first part
of the paper we review conceptual consider-
ations of mediation for the most commonly
used mediation model groups. We further dis-
cuss the suitability of different mediation anal-
ysis approaches, focusing on the bootstrap-
ping approach. The second part of the paper
is organized as a tutorial. Based on an exam-
ple from the marketing field, we illustrate how
to specify, estimate, and interpret mediation
models with a tool for SPSS and SAS called
PROCESS (Hayes 2017). We recommend a
hierarchical procedure in which simple media-
tion models are examined first, followed by
more complex models.

1. Introduction

Researchers in marketing and other fields are often inter-
ested in the causal effect of a predictor on an outcome
variable. Mediation analysis adds to the understanding of
such an effect by examining how well the effect can be
explained by another variable, called a mediator (Iaco-
bucci 2008). Thus, mediation analysis reveals how the
predictor indirectly affects the outcome through the me-
diator. A prominent marketing example comes from re-
search on advertising effectiveness, which revealed that
the effect of ad liking on purchase intent is mediated by
brand liking (MacKenzie et al. 1986). Mediation analysis
is therefore especially relevant for those interested in
grasping the underlying mechanism of a focal effect
(Preacher 2015).

While common as a concept, an actual methodology of
how to analyze mediation had not been established until
Baron and Kenny (1986) proposed causal steps a re-
searcher should apply to support a mediation hypothesis.
The causal steps approach is based on the idea of infer-
ring mediation from a series of separate regression mod-
els (Baron and Kenny 1986; James and Brett 1984; Judd
and Kenny 1981). Another approach for analyzing medi-
ation that was becoming increasingly popular at the time
is structural equation modeling (SEM; Bagozzi and Yi
1988; Bollen 1989). Due to its ability to simultaneously
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estimate all model paths (Iacobucci et al. 2007), SEM is
superior to the causal steps method. However, as its rela-
tive sophistication poses a number of problems and pit-
falls (Anderson and Gerbing 1988), there have been calls
for alternatives that are easy to use while also being
equivalent to SEM.

Recent developments indicate that regression-based
bootstrap approaches could be that alternative (Preacher
and Hayes 2004, 2008). In particular, sophisticated medi-
ation analysis has been simplified by Hayes’ provision of
the mediation analysis macro PROCESS, which is avail-
able for SPSS and SAS (Hayes 2017), as well as the ac-
companying textbook (Hayes 2013). Due to these ad-
vances, regression-based mediation analysis now allows
the same reliability in estimation as SEM does (Hayes
and Scharkow 2013). Therefore, applications of regres-
sion-based mediation analysis with novel methodology
(Hayes 2013; Preacher and Hayes 2004, 2008) have been
garnering increasing interest. The growing number of ci-
tations of the respective methodology papers reflects the
relevance of mediation analysis as a means of theory de-
velopment and testing in marketing research (see Fig. 1).
Fig. 1 displays how many times the most influential me-
diation publications (i. e., Baron and Kenny 1986; Hayes
2013; Preacher and Hayes 2004, 2008; Sobel 1982) have
been cited in the top-tier marketing outlets Journal of
Consumer Research, Journal of Consumer Psycholo-
gy,[1] Journal of Marketing, Journal of Marketing Re-
search, and Marketing Science since the publication of
Baron and Kenny’s (1986) causal steps approach. As can

Fig. 1: Citation trend of influential mediation analysis publications

be seen from Fig. 1, interest in mediation analysis has in-
creased substantially in the last decade.

Although there is now a well-established body of litera-
ture advancing the methodology of mediation analysis
since Baron and Kenny (1986), this technical literature
has not fully “diffused to practicing researchers” (Zhao
et al. 2010, p. 197). As a result, researchers often diverge
in how they conduct tests of mediation (Hayes and
Scharkow 2013). This paper contributes to existing liter-
ature by concisely integrating theoretical and practical
knowledge in order to help in applying mediation analy-
sis. Our main goal is to provide an overview of what me-
diation analysis means and which approaches exist to es-
tablish mediation, followed by a tutorial that demon-
strates how to apply the state-of-the-art methodology. In
the tutorial we illustrate how to specify, interpret, and re-
port results using PROCESS (Hayes 2017). The analyses
are conducted with examples from the marketing con-
text.

2. Characteristics of mediation

Central to the concept of mediation is the so-called
mediator. Extending a simple causal inference where a
predictor X causes an outcome Y, the mediator M inter-
venes within this relationship. A mediator M is therefore
a variable that is influenced by the predictor X and in turn
influences the outcome Y: X = M = Y. When conducting
mediation analysis, the researcher is primarily interested
in this intervention process, namely the indirect effect,
because it reveals something about how the causal rela-
tionship works (Iacobucci 2008). Therefore, examining
the indirect effect is the focal element of theory testing
with mediation analysis (Hayes 2013).

However, to estimate the extent to which the mediation
process explains the relationship between the predictor X
and the outcome Y, it is also necessary to consider the so-
called direct effect. The direct effect represents the causal
influence of X on Y that is not explained by the mediator
M (James and Brett 1984). As we will outline in Section
2.3, examining the direct effect is particularly useful for
further theory building (Zhao et al. 2010).

2.1. Indirect effect: Key to establishing mediation

In a first step, a researcher is often interested in whether
a proposed mediator M can explain an effect of X on Y at
all. This question is addressed by estimating the indirect
effect through the mediator M (Hayes 2013). Hence, in-
terpreting the indirect effect is the foundation for infer-
ence about a mediation hypothesis (Baron and Kenny
1986). In the following, we discuss how the indirect ef-
fect can be interpreted. It is important to note that the in-
terpretation of the indirect effect is dependent on the
model structure, especially the number of variables in the
model and their interrelationships. While there is a multi-
tude of possible mediation models, in this paper we focus
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Fig. 2: Typology of mediation
model groups

on four prototype model groups (Hayes 2013). Three of
these model groups entail mediation only; hence we refer
to them as models of “pure” mediation: (i) simple media-
tion, (ii) parallel mediation, and (iii) serial mediation.
Aside from these “pure” mediation model groups, there
are models that additionally contain moderator variables,
referred to as moderated mediation models. Fig. 2 illus-
trates the prototype model groups.

Simple mediation captures the standard X = M = Y causal
system, which means that there is exactly one mediator.
In case of two or more mediators in the model, one can
speak of multiple mediation (Hayes 2013). If the multi-
ple mediators are causally unrelated, this is called
parallel mediation, while serial mediation is present if at
least two of the mediators in the model are causally relat-
ed (i. e., one mediator affects another one and they form
a causal chain). Moderated mediation means that at least
one mediation path is linearly dependent on another vari-
able. Each mediation model group is discussed in greater
detail in the following section.

2.1.1. Simple mediation

Mediation extends simple regression by introducing an
explaining variable, the mediator (see Fig. 3). When
there is exactly one mediator M intervening in the causal
relationship of X on Y, this is called simple mediation.
Conceptually, simple mediation means that a change in X
leads to change in M (path a), and that change in M leads
to change in Y (path b). The indirect effect is depicted as
path ab because it is the product of the two paths that
connect the predictor X to the mediator M (path a) and
the mediator M to the outcome Y (path b). If the indirect
effect ab is greater or smaller than zero (i. e., if it is sta-
tistically significant), one can claim that some form of
mediation takes place (Zhao et al. 2010).

Simple mediation is the most basic form of mediation
and allows one to make inferences about the underlying
mechanism that connects an independent with a depen-

dent variable. If the underlying process involves more
than one mediator, so-called multiple mediation models
are used. We discuss two forms of multiple mediation –
parallel and serial mediation – in the following sections.

Fig. 3: Simple mediation model as an extension of a simple causal
relationship (based on Preacher and Hayes 2004, p. 718)

2.1.2. Parallel mediation

In some cases there are alternative theories to explain an
effect of X on Y. In such cases, investigating the role of
only one mediator is not enough. For example, while one
theory might propose a mediator M1, another theory
might propose a different mediator M2 for the same rela-
tionship (Hayes 2009). Considering two or more media-
tors that are not causally interrelated is the most basic ex-
tension of the simple mediation model; it is called paral-
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Fig. 5: Serial mediation model with two mediators (based on Hayes 2013, p. 145)

lel mediation (Hayes 2013). Parallel mediation models
enable researchers to probe different mediation theories
simultaneously in a model (e. g., Guevarra and Howell
2015). The example of two mediators would lead to a
conceptual model structure like the one shown in Fig. 4.

Fig. 4: Parallel mediation model with two mediators
(based on Hayes 2013, p. 126)

In models with more than one mediator, several specific
indirect effects exist that can be attributed to one of the
mediators. In the example displayed in Fig. 4, there are
two specific indirect effects a1b1 and a2b2. If the aim of
the researcher is to compare these two mediation pro-
cesses, it is useful to assess the importance of each spe-
cific indirect effect. To do so, the researcher could check
which of the proposed parallel mediations (i. e., specific
indirect effects) is significant and then compare the mag-
nitude of those specific indirect effects by testing wheth-
er they are equal in size (Preacher and Hayes 2008).

All specific indirect effects sum up to the total indirect ef-
fect, which expresses the extent to which all mediators to-

gether can explain the relationship between X and Y. We
note that there are cases in which specific indirect effects
with different signs cancel each other out, leading to an
insignificant total indirect effect, despite having signifi-
cant specific indirect effects (Rucker et al. 2011). Such a
finding would be valuable, as it identifies two antagonis-
tic mechanisms and thus offers deeper insight into the re-
lationship between X and Y (Hayes 2009). This implies
that finding a non-significant total indirect effect does not
automatically mean that the conceptual model is flawed.

2.1.3. Serial mediation

Whenever the researcher hypothesizes that two or more
mediators in a model influence each other, this is called
serial mediation. In contrast to parallel mediation, serial
mediation means that the mediators themselves are in a
hierarchical causal relationship. Serial mediation is espe-
cially useful for investigating fine-grained causal chains
of mediation (Hayes 2013) and is commonly employed
in the marketing field (e. g., Hur et al. 2015; Winterich
and Zhang 2014). Fig. 5 depicts an example in which one
mediator affects another mediator.

Similarly to parallel mediation, the indirect effect in a se-
rial mediation model is split up into several specific indi-
rect effects. In the two-mediator example, three specific
indirect effects can be distinguished. First, there is the
long-way mediation, which involves both mediators:
a1db2. The long-way mediation represents a causal chain
of mediators and is therefore the foundation of the serial
mediation hypothesis. Second, there are two shortcut me-
diations, which each involve only one mediator: a1b1 and
a2b2. If the long-way mediation is significant, serial me-
diation can be claimed. If the long-way mediation is not
significant, this indicates that one of the other forms of
mediation is more likely: if both shortcut mediations are
significant, this indicates parallel mediation (as in Fig.
4); and only one significant shortcut mediation indicates
simple mediation (as in Fig. 3). As in parallel mediation,
the sum of all indirect effects constitutes the total indirect
effect. The total indirect effect indicates the extent to
which the long-way and all shortcut mediations together
explain the effect of X on Y.
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Fig. 6: Selection of variants of a moderated mediation model (own illustration based on Hayes 2013, p. 14)

2.1.4. Moderated mediation

Researchers often are not only interested in detecting a
particular process (which would be tackled by a “pure”
mediation analysis) but also want to investigate the con-
ditions under which this process is active (e. g., Blan-
chard et al. 2016). Examining such conditions (also
called boundary conditions of the focal effect) offers
valuable information that helps assess whether indirect
effects are conditional on different groups of respon-
dents, contexts, or – more generally – on another variable
(Preacher et al. 2007). For example, a proposed media-
tion might exist for one subgroup of the sample but not
for another subgroup. Aside from this example of
switching the mediation on and off, the so-called moder-
ator variable might also strengthen or weaken the media-
tion or switch the mediation’s direction (represented by a
change in sign).

Whenever the mediation process is dependent on another
variable, this is called moderated mediation (James and
Brett 1984; Muller et al. 2005). Moderated mediation
analysis works similarly to moderated regression analy-
sis, with the exception that an indirect effect is altered. In
moderated mediation, the moderator influences either
one or both of the two paths of the indirect effect (a and
b; Hayes 2013). Most moderated mediation models pro-
pose that the moderator alters the relationship of X on M
(so-called first-stage moderated mediation, panel A of
Fig. 6). However, it is also possible that the moderator
conditions how the mediator M influences the outcome
variable Y (so-called second-stage moderated mediation,
panel B of Fig. 6). Furthermore, one or more moderators
could also impact both paths of the indirect effect (panels
C and D of Fig. 6).

The influence of the moderator is not necessarily limited
to the indirect effect and can include the direct effect
(panel E of Fig. 6). Further extensions, such as higher-or-
der interactions (panel F of Fig. 6), are also possible. The
myriad of potential combinations makes it necessary to
reason a priori about conditional processes and develop a
model based on the specific theorizing.

As moderated mediation is about inferring whether an in-
direct effect is linearly conditioned by a moderator, the
most central result of such a model would be the so-
called conditional indirect effect of X on Y (Iacobucci
2008). Although many authors have conceptually re-
ferred to moderated mediation (Baron and Kenny 1986;
James and Brett 1984; Muller et al. 2005), an appropriate
procedure for examining a conditional indirect effect was
offered only recently (Hayes 2015). The procedure in-
volves a formal test of the conditional nature of proposed
mediators called the index of moderated mediation (Hay-
es 2015).

2.2. Direct effect: Key to assessing the
importance of the mediation

While a significant indirect effect of X on Y through M
answers the question of whether a proposed mediation
exists, a researcher might also be interested in under-
standing to what extent the mediator can explain the rela-
tionship between X and Y (Rucker et al. 2011). In media-
tion analysis, this is determined by the direct effect of X
on Y, which represents the influence of X on Y that is un-
related to change in M. Given a significant indirect effect
but an insignificant direct effect, the mediation fully ex-
plains the variation of Y by X. In this case, researchers
speak of full mediation (Baron and Kenny 1986; Zhao
et al. 2010). However, if the direct effect is significant,
the mediator M only partially explains the effect of X on
Y and the term partial mediation is used (James and Brett
1984; Zhao et al. 2010). While some authors claim full
mediation to be the gold standard, most articles that use
mediation analysis report only partial mediation (Iaco-
bucci 2008). In the following, we examine how distin-
guishing partial from full mediation may offer implica-
tions for theory building.

2.3. Mediation types and their implications for
theory building

Zhao et al. (2010) developed a typology of mediation
based on the interpretation of the indirect and direct ef-
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Fig. 7: Mediation types and their implications for theory building (own illustration based on Zhao et al. 2010, p. 201)

fects. Fig. 7 illustrates this approach of distinguishing
different mediation types (including non-mediation) and
the associated implications for theory building.

As previously stated, a significant indirect effect com-
bined with an insignificant direct effect reflects full me-
diation (Baron and Kenny 1986). In the case of full me-
diation, the underlying process is adequately captured
and there is no need to search for additional explanatory
elements (e. g., another mediator). In contrast, partial
mediation implies that the researcher could find other
mediators that have thus far been omitted in the analysis
(Rucker et al. 2011). Following Zhao et al. (2010), the
partial mediation concept is divided into two subtypes:
complementary partial mediation and competitive partial
mediation. Complementary partial mediation occurs
when the indirect effect and the direct effect have the
same sign. This means that there could be another poten-
tial mediator with the same sign as the existing mediator
“hidden” in the direct effect. In contrast, competitive par-
tial mediation takes place when the indirect effect and
the direct effect have opposing signs. Competitive partial
mediation implies that the “hidden” potential mediator
and the existing mediator have opposing signs (Zhao
et al. 2010).

Besides pointing to omitted mediators, partial mediation
may also indicate that an important moderator has not
been taken into account (Shrout and Bolger 2002). This
could mean that the proposed mediation might only ap-
ply for a certain group or under a certain condition (omit-
ted moderated mediation). If the moderator is not consid-
ered, there is a risk of underestimating the importance of
the mediation process (Shrout and Bolger 2002), such as
inferring partial mediation when in reality there is full
mediation.

An insignificant indirect effect suggests non-mediation
(Zhao et al. 2010). In this case, the same conclusions as
before apply: if the direct effect is significant, there is a
chance that the true mediator has been omitted. We note
that in such a case, examination of paths a and b is par-
ticularly informative. If path a or b is not significant or
very small in magnitude, this could explain the insignifi-
cance of the indirect effect as a whole, and it can guide
future modification of the inconsistent conceptual frame-
work. If both the indirect and direct effects are insignifi-
cant, X and Y are apparently unconnected.

3. Approaches to examine mediation

In the marketing field there are three dominant ap-
proaches to examining mediation: the causal steps meth-
od proposed by Baron and Kenny (1986), the normal
theory approach introduced by Sobel (1982, 1986), and
the regression-based bootstrapping approach put forth
by Preacher and Hayes (2004, 2008). While the first two
approaches are often used in conjunction and represent
the traditional way of testing for mediation, bootstrap-
ping is a more recent approach in mediation analysis.

3.1. Traditional approaches

Traditionally, the most influential approach in probing
mediation has been the causal steps approach. Though
Judd and Kenny (1981) as well as James and Brett
(1984) already discussed the technique, it was finally
proposed by Baron and Kenny (1986) and is therefore
known as the Baron-and-Kenny approach (Kenny 2008).
The basic principle of the causal steps approach is that it
does not test the indirect effect itself, but logically infers
mediation from testing all paths of the model separately
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3i c X bM
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3i bM'
c X

Notes: * Bold terms symbolize the tested parameters.

Tab. 1: Steps of the Baron-and-Kenny approach (own illustration based on Müller 2009, p. 247)

in four steps (Baron and Kenny 1986).[2] The approach
involves analyses of (i) the total effect of X on Y, (ii) the
effect of X on M, (iii) the effect of M on Y, and (iv) the di-
rect effect of X on Y (see Tab. 1). Baron and Kenny
(1986) propose that one can only claim mediation if all
effects in the first three steps turn out to be significant.
Given this prerequisite, one can claim full mediation if
the direct effect in the fourth step is non-significant and
partial mediation if it the direct effect is smaller than the
total effect.

The Baron-and-Kenny approach has been criticized for
several reasons. The most critical issues are its lack of
power (which means that it often cannot uncover a genu-
ine mediation process) as well as its failure to test the in-
direct effect ab (Hayes 2013; MacKinnon et al. 2002;
Preacher and Hayes 2004, 2008). In addition, the re-
quirements for steps (i) and (iv) seem overly restrictive
and are unnecessary for establishing mediation (Hayes
2009; Rucker et al. 2011; Zhao et al. 2010). Due to these
limitations, the Baron-and-Kenny approach no longer
seems to be recommended (Hayes 2013; MacKinnon
et al. 2002).

The normal theory approach (Sobel 1982, 1986), also
called the Sobel test, addresses one weakness of the Bar-
on-and-Kenny approach by establishing a formal test of
the indirect effect ab. The Sobel test uses a logic for the
inference of the indirect effect similar to that usually used
for the estimation of direct effects. To conduct the test,
one calculates the product of the coefficients a and b, di-
vides this product by an estimate of the standard error of
ab, seab, and compares this empirical z-score to a critical
value from the standard normal distribution (Sobel 1982):

Z =
ab
seab

(1)

Several methodological variations of the Sobel test exist,
each varying in the way that seab is estimated. The sim-
plest estimation approach (Baron and Kenny 1986; Sobel
1982), also referred to as first-order delta solution, en-
compasses the squared coefficients a and b and their
squared standard errors:

seab = a2seb
2 + b2sea

2 (2)

More complex estimation approaches include an addi-
tional product term of both squared standard errors, with
this term either added to Equation (2) (Aroian 1947; so-
called second-order delta solution) or subtracted (Good-
man 1960; so-called unbiased delta solution). As all
methods yield very similar results (Hayes and Scharkow
2013; MacKinnon et al. 1995), the simple first-order del-
ta solution seems to be the most straightforward ap-
proach. Nevertheless, the following remarks hold for all
variants of the Sobel test.

The Sobel test’s shortcomings result from its normality
assumption of the sampling distribution in the indirect
effect ab. This assumption is usually only met in very
large sample sizes (i. e., n > 1,000; Kisbu-Sakarya et al.
2014), while in smaller samples the sampling distribu-
tion of ab tends to be asymmetric (Bollen and Stine
1990; Stone and Sobel 1990). Although this limitation
becomes less problematic with increasing effect sizes
(e. g., a sample size of n = 100 seems sufficient to detect
medium-sized mediation effects; MacKinnon et al.
2002), the Sobel test has specific weaknesses in detect-
ing mediation when either path a or path b is weak.
Therefore, the Sobel test has low power in detecting indi-
rect effects and thus tends to be overly conservative. This
means that the Sobel test might indicate that there is no
indirect effect, while in reality there is mediation (Shrout
and Bolger 2002). Hence, there is some risk of overlook-
ing a genuine indirect effect in the data when using the
Sobel test, unless the effect size or sample size is large
(for details regarding mediation effect size and required
sample size, see Fritz and MacKinnon 2007). Due to
these limitations, use of (any variant of) the Sobel test is
not recommend (Hayes and Scharkow 2013).

3.2. Bootstrapping approach

Bootstrapping is a non-parametric approach that by-
passes the problem of questionable distributional as-
sumptions of traditional techniques and enables an accu-
rate test of the indirect effect (Bollen and Stine 1990;
Shrout and Bolger 2002), even in small samples (Preach-
er and Hayes 2008). Importantly, bootstrapping provides
more power in detecting indirect effects, but it does not
show a higher type-I-error tendency (i. e., claiming me-
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Fig. 8: Hypothetical example of a bootstrapped sampling
distribution of the indirect effect ab (own illustration based on

Preacher and Hayes 2004, p. 721)

diation although there is none) than the traditional meth-
ods (Hayes and Scharkow 2013). Because one can easily
employ bootstrapping for mediation analysis via macros
such as PROCESS (Preacher and Hayes 2004, 2008), the
approach is being applied increasingly.

Bootstrapping relies on resampling of the data (Efron
1982), whereby one draws a large number (e. g., 10,000)
of new samples of size n with replacement from the orig-
inal sample. The model parameters are estimated for
each new sample, resulting in a large number of esti-
mates for each parameter. The estimates can then be or-
dered by size to draw a probability density distribution
for each path parameter (Preacher and Hayes 2004).
Fig. 8 shows a hypothetical example for such a density
distribution of the indirect effect ab.

The mean of all bootstrap estimates is calculated for the
point estimate of the indirect effect ab (see Fig. 8). Be-
cause a non-normal distribution of parameters precludes
the calculation of t- and p-values, the significance of the
indirect effect ab is inferred from the confidence interval
of its bootstrap distribution. If the confidence interval
does not include zero, one can be statistically confident
that the effect is different from zero.

In the basic form, called percentile bootstrap, the confi-
dence interval is determined by two percentile cutoffs of
the sampling distribution (e. g., 2.5 % and 97.5 % in the
case of α = .05). In the example of 10,000 bootstraps il-
lustrated in Fig. 8, the 250th highest (.05) and 9751st

highest score (.50) define the 95 % confidence interval.
The results of the percentile bootstrap in Fig 8 indicate
that the proposed indirect effect is significantly different
from zero, as the confidence interval does not include ze-
ro (meaning it does not encompass positive and negative

values). Therefore, one can say with 95 % confidence that
mediation is present (Preacher and Hayes 2004).

The percentile bootstrap is especially suitable in circum-
stances where robustness of the estimation is important,
such as when samples include potential outliers (Creedon
and Hayes 2015), when either the a or b path is large and
the other path is zero (Koopman et al. 2015), or when
facing small sample size (n < 50; Koopman et al. 2015).
In case of larger sample sizes it is recommendable to use
an alternative form called bias-corrected bootstrap. This
procedure generally results in slightly more liberal boot-
strap confidence intervals because it adjusts the confi-
dence interval for bias in the bootstrap sample distribu-
tion (Efron 1987). Such bias may result from non-sym-
metric bootstrap sample distributions and is not account-
ed for by the percentile bootstrap (Efron and Tibshirani
1993). The differences across forms of bootstrapping are
usually small, but they can sometimes influence the in-
ference. While percentile bootstrapping may be reason-
able in adverse situations (such as small sample size), bi-
as-corrected bootstrap today is the standard form in me-
diation analysis.

Although percentile bootstrap and bias-corrected boot-
strap differ slightly in their estimates, both outperform
the Sobel test and Baron-and-Kenny approach remark-
ably with regard to statistical power (Hayes and Schar-
kow 2013) and propensity to type I error (MacKinnon
et al. 2002). Hence, among the methods that are com-
monly used, reliable, and easy to conduct, bootstrapping
seems to be the most promising approach for mediation
analysis. After two seminal papers and add-ons about the
bootstrapping approach in mediation analysis (Preacher
and Hayes 2004, 2008), Hayes (2013, 2017) released a
macro for SPSS and SAS called PROCESS, which com-
bines the functionality of the preceding add-ons. In the
following, we demonstrate how to conduct and interpret
mediation analysis following the bootstrapping approach
with PROCESS. The tutorial illustrates the specification
of the different model groups and the interpretation of re-
spective results with an example from advertising effec-
tiveness.

4. Tutorial: Estimating mediation models with
PROCESS

PROCESS (which can be downloaded from the develop-
er’s website; Hayes 2017) is specialized for mediation
analysis, moderation analysis, and combinations of both
procedures using the regression-based bootstrapping ap-
proach. PROCESS provides a dialog box-style graphical
user interface as well as a syntax-based form, which
makes it easy for researchers to specify and estimate
models. The macro works with predefined models num-
bered from model 1 to model 76, all assigned to one spe-
cial conceptual structure of the focal mediation model
and thus enabling it to estimate the most commonly used
theoretical model structures.[3] PROCESS requires
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AAd PI

ABrand

a b 

c‘

ab: indirect effect of AAd on PI
      through ABrand

c‘: direct effect of AAd on PI

  c: total effect of AAd on PI 
            = ab + c‘

    AAd: predictor variable 

ABrand: mediator 

     PI: outcome variable 

       a: effect of AAd on ABrand

       b: effect of ABrand on PI

Fig. 9: Screenshot of the PROCESS v 2.16 graphical user interface
in IBM SPSS Statistics 24

Fig. 10: Simple mediation example (PROCESS model 4)

specification of (i) the model [number] that is to be esti-
mated (a conceptual reasoning that must be clarified a
priori and then reflected by the model number one can
find in the templates document provided at the PRO-
CESS website) and (ii) the variables included in the
model and their associated roles (e. g., independent vari-
able, dependent variable, and mediator). Fig. 9 shows the
graphical user interface (for SPSS) which can be found
under ANALYZE = REGRESSION = PROCESS after
installing the macro (see Hayes 2013).

In this section, we illustrate how to specify the exam-
ples of the four mediation model groups introduced in
Section 2 with hypothetical experimental data.[4] The
context of our example is advertising effectiveness,
which represents a classic topic in marketing research
and provides a suitable framework for testing different
forms of mediation models. Specifically, research has
suggested processes that are in line with simple media-
tion (MacKenzie et al. 1986), parallel or serial media-
tion (Brown and Stayman 1992), and moderated media-
tion (MacKenzie and Spreng 1992). To facilitate under-
standing the underlying process, we recommend a hier-
archical procedure in which a simple model is consid-
ered first, followed by a gradual increase in model com-
plexity. We employ the hierarchical procedure in this tu-
torial as well and begin with an examination of a simple
mediation model, followed by parallel and serial media-
tion models, and ending with moderated mediation
analysis.

The illustration focuses on the purchase intent of the
product advertised (PI) and how it is influenced by atti-
tude toward the ad (hereafter AAd; MacKenzie et al.
1986). The example data set also includes variables that

are potentially important for the underlying process,
namely attitude toward the brand (ABrand), product recall
(recall), and the elaboration of the ad (elabo). All vari-
ables were measured on 7-point Likert scales (with 7 =
“completely agree”), except elabo which was experi-
mentally manipulated (with the levels 1 = high and 2 =
low). Finally, the data set includes the control variable
age. With these variables, we will provide guidance on
how to interpret the PROCESS output; suggestions for
reporting results for each of the four mediation models
are summarized in the appendix.

4.1.1. Simple mediation

First, we might be interested in answering the question of
whether ABrand mediates the effect of AAd on PI. This cor-
responds to a simple mediation model, as proposed by
MacKenzie et al. (1986) and illustrated in Fig. 10.

Translating the simple mediation model to PROCESS
means that we have to choose the model number 4 in the
PROCESS template (see Hayes 2013) and specify the
necessary variables. The associated syntax command
must be specified as follows:[5]

process vars = A_Ad A_Brand PI/y = PI/x = A_Ad/m
= A_Brand/model = 4.

The syntax command first defines that the procedure
“process” shall be used. Next, after the “vars =” argu-
ment, all model variables are listed and assigned to their
roles as X, M, or Y in the model. The final specification
assigns the appropriate model number, “/model = 4.” Af-
ter running the syntax, PROCESS generates an output,
which is divided into different sections, separated by
lines of stars (see Fig. 11).

Just below the header, the model specification and sam-
ple size is presented. The second and third sections plot
the simple regression results for paths a and b, respec-
tively. The section 4, titled “Direct and indirect effects,”
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Fig. 11: PROCESS output for simple
mediation example (model 4)

is the central part of the mediation analysis output. The
last section entails information about the number of boot-
strap samples and the level of confidence for all confi-
dence intervals reported in the output.

We can determine whether mediation exists by interpret-
ing the indirect effect of AAd on PI through ABrand (depict-
ed in the output section 4 as “indirect effect ab”). Using
the bootstrap sample distribution explained above (see
Section 3.2.), PROCESS reports the point estimate of the
indirect effect (“Effect”) and its standard error (“Boot
SE”). This is followed by the upper and lower limits of
the bootstrap confidence interval (“BootLLCI” and
“BootULCI”). As can be seen from the output, the boot-
strap confidence interval (CI) is (.16 to .49). As the 95 %
confidence interval does not include zero, we can infer

significant mediation of AAd’s effect on PI through ABrand

at α = .05. Next, the importance of the mediation can be
assessed by interpreting AAd’s direct effect on PI (depict-
ed as path c’). In the example, the p-value of the direct
effect is .047 and can therefore be considered significant.
Using the framework depicted in Fig. 7, we can conclude
complementary partial mediation (Zhao et al. 2010). In
addition to the direct and indirect effects of the indepen-
dent variable, PROCESS plots the estimates for the sin-
gle paths of the model. For the simple mediation model,
these can be derived from the results of two regressions
underlying the model: one having mediator ABrand and
one having PI as outcome variable. As the indirect effect
consists of two single effects, path AAd = ABrand and path
ABrand = PI, one can inspect them to reveal that attitude
toward the ad impacts purchase intent because it in-
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total indirect effect

contrast test

path c' 

specific indirect effects

a1b1 and a2b2

AAd PI

ABrand

recall

a1 b1

c‘

a2 b2

c‘: direct effect of AAd on PI
total indirect effect:  a1b1 + a2b2

     AAd: predictor variable 

 ABrand: mediator 1 

 recall: mediator 2 

      PI: outcome variable 

      a1b1: specific indirect effect  

               of AAd on PI through ABrand

      a2b2: specific indirect effect  

               of AAd on PI through recall 

Fig. 13: PROCESS output summary of
parallel mediation example (model 4)

Fig. 12: Parallel mediation example (PROCESS model 4)

creases attitude toward the brand (effect: .49, p < .001;
depicted as path a), while the latter increases purchase
intent (effect: .63, p < .001; depicted as path b). Note that
the point estimate of the indirect effect ab equals the
product of a × b: .31 = .49 × .63.

4.1.2. Parallel mediation

Extending the simple mediation situation, recall could be
another potential mediator between AAd and PI (Brown
and Stayman 1992), which would lead to a conceptual
model structure like the one shown in Fig. 12.

When comparing two proposed mediations it may be of
interest to assess whether the corresponding specific in-
direct effects differ in magnitude. In PROCESS, the
“contrast = 1” command provides a significance test that
can carry out this comparison. If enabled, PROCESS es-
timates bootstrap confidence intervals for a pairwise
comparison of specific indirect effects. It is expressed by
a confidence interval because it is based on the bootstrap
sampling distributions of both specific indirect effects. If
the confidence interval does not entail zero, it implies
that the two specific indirect effects are statistically dif-

ferent from each other (if it does include zero, difference
between the effects cannot be assumed). It is important to
note that this test can only be interpreted as a comparison
of effect size when both effects have the same sign. Com-
pared to the simple mediation example, the syntax com-
mand is changed in two ways. First, the variable recall is
entered and assigned the role of (second) mediator (”m =
recall”). Second, the pairwise comparison option for the
specific indirect effects is enabled with “contrast = 1.”

process vars = A_Ad A_Brand PI recall/y = PI/x =
A_Ad/m = A_Brand recall/model = 4/contrast = 1.

The PROCESS output summary in Fig. 13 looks similar
to the one-mediator case in Fig. 11. However, in this
model there are now two specific indirect effects
(AAd = ABrand = PI and AAd = recall = PI), which together
constitute a total indirect effect. For the parallel media-
tion model, it is most important to interpret these specific
indirect effects. In our example, ABrand (indirect effect:
.26; 95 % CI: .14 to .43) as well as recall (indirect effect:
.08; 95 % CI: .02 to .17) are significant mediators. If a
comparison of the two indirect effects is intended, the
contrast bootstrap interval (see line C1, which means
“contrast 1”) is examined (depicted as contrast test). In
the example, two positive mediations coexist in parallel
and differ significantly in size, as the C1 bootstrap confi-
dence interval does not encompass zero (difference: .17;
95 % CI: .01 to .36). This means that ABrand can explain
the effect of AAd on PI significantly better than recall
does. Finally, the total indirect effect should only be inter-
preted if the researcher wants to investigate the extent to
which all mediators together can explain the causal rela-
tionship between AAd and PI (depicted as total indirect ef-
fect). In the example, the total indirect effect is positive
and significant (effect: .34; 95 % CI: .20 to .50). Next, we
can interpret the direct effect (depicted as path c’). As the
effect is insignificant (effect: .12; p = .075), we can infer
full mediation (see Fig. 7).[6] It can also be an option to
further investigate the detailed regression results (as in
the previous section), but we do not illustrate this here.

Taken together, the analysis reveals that attitude toward
the ad impacts purchase intent through both attitude to-
ward the brand as well as product recall. However, the
indirect effect through attitude toward the brand is great-
er in magnitude than that through product recall. This in-
dicates that attitude toward the brand plays a greater role
in explaining the effect of attitude toward the ad than
product recall does.

Demming/Jahn/Boztuğ, Conducting Mediation Analysis in Marketing Research

86 MARKETING · ZFP · Issue 3 · 3. Quarter 2017

https://doi.org/10.15358/0344-1369-2017-3-76 - am 25.01.2026, 22:04:47. https://www.inlibra.com/de/agb - Open Access - 

https://doi.org/10.15358/0344-1369-2017-3-76
https://www.inlibra.com/de/agb
https://creativecommons.org/licenses/by/4.0/


path c' 

shortcut specific

indirect effect a1b1

long-way specific

indirect effect a1db2

shortcut specific

indirect effect a2b2

AAd PI

ABrand recall

a1

b1

c‘

d

b2

a2

AAd: predictor variable

ABrand: mediator 1

recall: mediator 2

PI: outcome variable
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total indirect effect: a1db2 + a1b1 + a2b2

Fig. 15: PROCESS output sum-
mary of serial mediation exam-
ple (model 6)

Fig. 14: Serial mediation example (PROCESS model 6)

4.1.3. Serial mediation

Transferring the perspective of serial mediation to our
example, one can also hypothesize that the two mediator
variables, ABrand and recall, are causally related. One
plausible assumption could be that ABrand impacts recall
(Brown and Stayman 1992), which would result in a con-
ceptual model like the one depicted in Fig. 14.

When specifying serial mediation with model 6, it is par-
ticularly important to consider the order of the mediator
variables in the “m =” list, as the variables listed earlier
will be regarded causally prior to those listed later. We
note that in our example no adjustment of the mediator
order is necessary as it already complied with the pro-
posed causal chain. Specifying the framework thus re-
quires two changes to the parallel mediation syntax com-
mand: First, the model number must be changed to
“model = 6.” Second, the “contrast = 1” option is no
longer necessary, as the aim of serial mediation is not to
compare the mediators. These changes result in the fol-
lowing model specification:

process vars = A_Ad A_Brand PI recall/y = PI/x =
A_Ad/m = A_Brand recall/model = 6.

Again, the most important part of the output is the sum-
mary section (”Direct and indirect effects”), displayed
in Fig. 15. PROCESS plots each specific indirect effect
as well as the total indirect effect. Central to the serial

mediation hypothesis is the long-way mediation
AAd = ABrand = recall = PI (named “Ind2” in the output).
If the long-way specific indirect effect is significant,
serial mediation can be claimed (depicted as long-way
specific indirect effect a1db2). Second, we investigate
the shortcut indirect effects (depicted as shortcut spe-
cific indirect effects a1b1 and a2b2) and the direct effect
(depicted as path c’) to better understand the character
of the proposed mediation paths. As before, it can also
be an option to further investigate the detailed regres-
sion results (which are not illustrated here).

The output of the example in Fig. 15 suggests that the
long-way mediation AAd = ABrand = recall = PI is signifi-
cant (effect: .05; 95 % CI: .02 to .11), as is the indirect
path AAd = ABrand = PI (effect: .25; 95 % CI: .13 to .41).
In contrast, the indirect effect of AAd = recall = PI is not
significant (95 % CI: -.04 to .12). Like in the parallel
mediation example, the direct effect is insignificant (p
= .075). Taken together, the data support the serial me-
diation hypothesis: attitude toward the ad increases at-
titude toward the brand, which in turn increases prod-
uct recall, which ultimately affects purchase intent. In
addition, attitude toward the ad affects purchase intent
via attitude toward the brand, without product recall
being involved. This finding qualifies the result of
the parallel mediation example: product recall does not
act as an independent mediator but rather is part of a
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Fig. 16: Moderated mediation example (PROCESS model 7)

Fig. 17: PROCESS output
summary of moderated media-
tion example (model 7)

longer causal chain that involves attitude toward the
brand.

4.1.4. Moderated mediation

Extending the “pure mediation” example, one could
imagine that the test person’s processing elaboration of
the ad (elabo) might be a variable that determines wheth-
er the proposed mediation process AAd = ABrand = PI ex-
ists. Specifically, it is conceivable that in the case of low
elaboration the proposed mediation works, while AAd

does not lead to an increase in ABrand in case of high elab-
oration (MacKenzie and Spreng 1992). In this case a
first-stage moderated mediation model in PROCESS is
suitable, as shown in its most basic form (model 7) in
Fig. 16.

To specify such a model in PROCESS, one must adjust
the syntax command of the simple mediation model to
include the variable elabo and assign it the moderator
role with “/w = elabo.” Moreover, the model number
must be changed to “model = 7.”

process vars = A_Ad A_Brand PI elabo/y = PI/x =
A_Ad/m = A_Brand /model = 7/w = elabo.

The output shown in Fig. 17 provides a summary of the
direct and indirect effects. The indirect effect is now con-
ditional on the values of the moderator (the subsection is
therefore called “Conditional indirect effect(s) of X on Y
at values of the moderator(s)”).

To interpret the output, it is necessary to examine wheth-
er the proposed moderated mediation exists. This can be
achieved by carrying out a formal test of moderated me-
diation called the index of moderated mediation (Hayes
2015), depicted as such in Fig. 17. The index represents
the quantification of the linear association between the
moderator and the indirect effect. Like before, it is a
bootstrap confidence interval that is interpreted as sup-
port for the existence of moderated mediation if it does
not include zero. As here the confidence interval does
not include zero (95 % CI: .06 to .63), the hypothesis of
moderated mediation is supported. This means that the
indirect effect of A_Ad on PI through A_Brand depends
on levels of elabo.

If the index of moderated mediation supports the exis-
tence of moderated mediation, one may wish to investi-
gate the indirect effect at representative values of the
moderator (depicted as conditional indirect effect) to fur-
ther explore the conditions under which mediation does
(not) exist (Preacher et al. 2007). This method is also
called spotlight analysis (Fitzsimons 2008; Spiller et al.
2013). If the moderator is dichotomous, it results in exact-
ly two conditional indirect effects. For a continuous mod-
erator, by default the conditional indirect effects for the
moderator mean and at values of one standard deviation
above and below the mean are plotted. As in the examples
before, the mediation type can be determined by addition-
ally considering the direct effect (depicted as path c’). In
the example we see that while there is a significant indi-
rect effect for test persons with low elaboration (effect:
.45; 95 % CI: .24 to .66), the effect is not significant in the
high-elaboration group (95 % CI: -.07 to .34). The direct

Demming/Jahn/Boztuğ, Conducting Mediation Analysis in Marketing Research

88 MARKETING · ZFP · Issue 3 · 3. Quarter 2017

https://doi.org/10.15358/0344-1369-2017-3-76 - am 25.01.2026, 22:04:47. https://www.inlibra.com/de/agb - Open Access - 

https://doi.org/10.15358/0344-1369-2017-3-76
https://www.inlibra.com/de/agb
https://creativecommons.org/licenses/by/4.0/


Goal Description Syntax statement

Control for the influence of other variables in 

the model by including covariates 

Listing variables after “process vars =” without

assigning roles makes PROCESS treat these variables as 

covariates. 

“process vars =  

[additionally include  

name of covariate]”

Make bootstrap results reproducible and avoid 

variances in results due to resampling when 

repeating the same analysis 

PROCESS output values always differ slightly due to the 

random resampling process. The statement is seeding the 

random number generator responsible for resampling 

with an arbitrary value, which leads to exactly 

reproducible results. 

“seed = [number]”

Make the estimation of confidence intervals 

more precise 

5,000 bootstrap resamples is the default in PROCESS. 

The higher the number of bootstraps, the more reliable 

the results become. 10,000 bootstraps are a good 

compromise between desired precision and required 

computation time. 

“boot = [number]”

Change the bootstrapping approach from the 

default bias-correct bootstrap to percentile 

bootstrapping

Percentile bootstrapping is especially robust in small 

samples or adverse situations. 

“percent = 1”

Save the estimated bootstraps of all paths of the 

model in a new SPSS data set to compare 

confidence intervals of parameters, for example. 

Saving the bootstraps makes it possible to manually 

compare paths or function of paths (e. g., the indirect 

effect is a function of a and b). In the new data set, each 

row contains the coefficients from one bootstrap sample 

(e. g., i1, a, i2, b, c  for the simple mediation model named 

COL1 to COL5). 

“save = 1”

Perform mediation analysis with a  

multicategorical independent variable (e. g., two 

experimental conditions plus a control group 

coded “1 = control,” “2 = treatment A,” and “3 

= treatment B”) 

Unlike continuous or dichotomous variables, 

multicategorical independent variables cannot just be 

included in mediation analysis without transformation 

(categorical independent variables with more than two 

levels are interpreted as linear, which leads to biased 

parameter estimates). PROCESS is able to recode such a 

multicategorical variable automatically via the command 

“/mcx = ”, with “/mcx = 1” being the flag for dummy 

coding (for a detailed description of the analysis, see 

Hayes and Preacher 2014). Note that multicategorical 

independent variables are currently possible in simple 

mediation models only. 

“mcx = 1”

Tab. 2: Additional statements of the PROCESS syntax

effect is significant (p = .047), implying partial media-
tion. From a theory perspective, we can hence conclude
that attitude toward the ad affects purchase intent via atti-
tude toward the brand only when the ad is not elaborated
deeply.

4.1.5. Further modifications of the mediation analysis

Besides the extensions discussed, PROCESS allows fur-
ther syntax statements to modify the analysis according
to the researcher’s goals. In Tab. 2 we describe other po-
tential needs for modification of the default syntax com-
mand and how to address them.

The following syntax command shows an example appli-
cation of these extensions based on the simple mediation
syntax command for the control variable age, a seed
starting the random number generator at position 100,
and 10,000 bootstrap resamples using the percentile
bootstrapping approach and a multicategorical indepen-
dent variable:

process vars = A_Ad A_Brand PI age/y = PI/x = A_
Ad/m = A_Brand/model = 4/seed = 100/boot =
10000/percent = 1/save = 1/mcx = 1.

5. Robustness assessment and complex
model testing

In the last section, we examine two topics worth consid-
ering for a deeper understanding of how to conduct me-
diation analysis. Although there have been many ad-
vanced topics discussed in the recent literature, such as
how to handle longitudinal data (Preacher 2015) or ana-
lyzing non-linear effects (Hayes and Preacher 2010), we
limit the scope of this section to two basic topics: (i) the
importance of making robust causal inference via correct
specification and (ii) the use of structural equation mod-
eling as an alternative for analyzing complex mediation
models.

5.1. Assessing the robustness of the causal
inference

As discussed in the context of partial mediation, a rigor-
ous specification of the proposed model is of utmost im-
portance in order to identify genuine mediation process-
es. We also examined the omitting of alternative media-
tors or moderators as examples of incomplete mediation
findings. However, there are further misspecifications
that could turn a genuine full mediation into a result of
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partial mediation or insignificance, such as non-linearity
of causal relationships, measurement error, missing
paths, or outliers (Creedon and Hayes 2015). To over-
come these potential sources of misspecification, the
standard means known from regression analysis should
be applied (e. g., visual inspection, outlier detection, in-
spection of residuals).

Even in the case of a significant full mediation, the re-
searcher should reflect upon the specification of the pro-
posed model to ensure that the results are meaningful. If
this is not done carefully, what has been identified as a
mediator in the proposed model might in reality play a
different causal role (MacKinnon et al. 2000; Stelzl
1986). For example, the proposed mediator M may not
be a real causal mediator, but rather just a correlate of X,
Y, or the true mediator that is not specified in the model at
all. Therefore, inference about the proposed mediation
cannot be based on a significant indirect effect alone; in-
stead, significance of the mediation is just a necessary
condition following a-priori conceptual reasoning (Fied-
ler et al. 2011). It is therefore important to make sure that
one can conceptually and empirically justify the pro-
posed model against rival explanations (Iacobucci et al.
2007). In this regard, it makes sense to test other possible
model specifications and compare them to the focal mod-
el (and report the results accordingly). If one can rule out
the potential sources of misspecification discussed
above, this enhances confidence in the proposed theoreti-
cal framework.

It is important to note that there are no formal means of
examining the fit of a model (like the multiple fit indices
known from SEM; see Section 5.2.) when using PRO-
CESS. In situations where more than one model is both
conceptually and empirically meaningful (e. g., signifi-
cant and interpretable indirect effects in parallel and seri-
al mediation analysis), we follow Hayes (2013) and rec-
ommend preferring those models which are less restrict-
ed in their assumptions. In the given example, this would
mean preferring the serial model over the parallel model,
as it allows both mediators to be connected, while the
parallel model implicitly assumes that the mediators are
unrelated (i. e., a correlation of exactly zero).

5.2. Testing complex mediation models with SEM

In this paper we have illustrated how to use regression-
based mediation analysis via PROCESS for moderately
complex mediation models. This approach is sufficient
for most research settings, as simpler models with fewer
variables are generally preferable to more complex ones
(Cohen 1990). However, there might be situations that
require complex mediation models that cannot be ana-
lyzed with PROCESS. For example, a requested model
may contain more than one independent or dependent
variable.

SEM offers a methodology for analyzing causal relation-
ships between multiple latent variables (Bollen 1989; Ia-
cobucci 2010). Hence, SEM allows the examination of

complex nomological networks (Iacobucci 2008), such
as serial mediation models with multiple dependent and
independent (in SEM terminology: exogenous) vari-
ables. In addition to the number of structural relation-
ships, SEM is also flexible regarding the type of relation-
ships. For example, it is possible to model non-recursive
relations of the form Y1 ß = Y2 (Iacobucci 2009).

Another advantage of SEM is that it explicitly considers
latent variables with multiple indicators that are mea-
sured with error, whereas in regression-based research
multi-item measurements of variables are typically col-
lapsed to mean scores (Iacobucci 2009). If the items
measure the latent construct inconsistently (i. e., factor
loadings are not uniformly high), this simplification can
reduce the likelihood of finding systematic relationships
in regression-based mediation analysis (Danner et al.
2015). Iacobucci et al. (2007) demonstrate that inferring
mediation from mean scores for X, M, and Y may lead to
misleading results compared to full measurement mod-
els, especially when the mediation effect is small. In con-
clusion, it may be beneficial to consider measurement er-
ror if the measurement of variables is problematic (which
can be identified via factor analysis or reliability analy-
sis).

A third advantage of SEM is its provision of model fit in-
dices (Hu and Bentler 1998; Iacobucci 2010). Fit indices
can be used to assess the adequacy of a proposed model,
but they also enable the comparison of different models.
Formal comparison is useful because sometimes a re-
searcher is unsure which theoretical model is most prom-
ising. For instance, the so-called χ 2 difference test is able
to test whether two nested models significantly differ;
the better fitting model is indicated by the smaller χ 2

value (for details on model comparison, see Danner et al.
2015). Furthermore, SEM allows one to constrain paths
inside the structural model if there is theoretical reason to
do so (e. g., to set them to zero or to set several paths to
the same value). Such constrained models can also be
compared to more parsimonious alternatives via fit indi-
ces that take into account the parsimony of the models
(e. g., Bayesian Information Criterion; see Danner et al.
2015).

In the case of models that cannot be specified with PRO-
CESS, using established SEM software like AMOS (Ar-
buckle 2016) or Mplus (Muthén and Muthén 1998–2015)
appears to be a good choice. Such SEM programs offer
bootstrapping as an estimation method (Cheung and Lau
2008), which we also recommend using in SEM because
of the non-normal nature of the indirect effect. If boot-
strapping is applied, SEM yields nearly the same results
as PROCESS (for the four examples, the results in
AMOS differ from the ones in PROCESS only on the
third decimal). Despite the opportunities SEM presents
for specifying mediation models, it also means more
complexity in setup and analysis – for example, when
comparing alternative models in the presence of contra-
dicting fit indices (Iacobucci et al. 2007).
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Furthermore, most of the SEM programs do not offer the
full functionality of PROCESS regarding mediation
analysis. For instance, while it is possible to test the total
indirect effect in most of the SEM programs, parameters
and confidence intervals of specific indirect effects in
mediation models are usually not part of the output (ex-
ceptions are Mplus, Mx, and OpenMx; Macho and Le-
dermann 2011). Nonetheless, it is possible to manually
implement some of the features. For example, there ex-
ists a methodology to estimate specific indirect effects in
SEM programs such as AMOS, called the phantom mod-
el approach (Macho and Ledermann 2011). Macho and
Ledermann’s idea for estimating a specific indirect effect
is to build a separate partial model (phantom model) that
mimics the full model but only encompasses the paths of
the specific effect (for detailed instruction on how to
build a phantom model, see Macho and Ledermann
2011). Other examples in which SEM programs do not
provide as much default features as PROCESS is in the
interpretation of moderated mediation (e. g., they do not
yet provide an index of moderated mediation) or media-
tion models with multicategorical independent variables
(the so-called omnibus test; Hayes and Preacher 2014).
Researchers interested in these specific features in com-
plex model settings may prefer Mplus. The syntax-based
nature of Mplus makes it possible to access code con-
cerning such advanced mediation analysis features (e. g.,
code for complex moderated mediation models in Hayes
and Preacher 2014).

In summary, SEM is a powerful approach that can en-
hance mediation analysis in several ways. However, one
should keep in mind that its sophistication poses several
challenges and therefore inexperienced researchers
might face some error potential when using it. A decision
rule would be that regression-based bootstrap approaches
(such as those offered by PROCESS) are preferable un-
less the issues described in this section become crucial.

6. Summary

The goal of this paper was to give an overview of media-
tion analysis. To achieve this goal, we reviewed the basic
concept of mediation as well as its main elements, and
we discussed how to interpret mediation results based on
indirect and direct effects. We focused on simple media-
tion, parallel mediation, serial mediation, and moderated
mediation, which represent the most common mediation
model groups in marketing research. After reviewing the
conceptual background of mediation analysis, we turned
our attention to the methodological aspects of mediation
analysis. Here, we compared three different regression-
based approaches of mediation analysis. In particular, we
examined the rationale of the bootstrapping approach,
discussed why it yields superior results compared to tra-
ditional approaches of mediation analysis, and argued
that it is particularly suitable for estimating the indirect
effect. While we concentrated on conceptual and meth-

odological considerations in the first part of the paper,
the second part is organized as a tutorial. Here, we illus-
trated how to conduct mediation analysis and interpret
the output of the SPSS/SAS macro PROCESS.

In the tutorial, we presented a typical case of more than
one model specification being theoretically meaningful
and recommended a hierarchical procedure. Hereby one
examines simple mediation models first and, step by
step, extends those simple models to more complex mod-
els. Following such a stepwise approach, we opted for in-
specting the indirect effect at each step to determine
whether a proposed mediator can explain the proposed
causal relationship. Moreover, we recommended inspect-
ing the direct effect to reveal to what extent the causal re-
lationship can be explained by the mediator. This infor-
mation is useful for further conceptual reasoning, and we
describe a suitable framework in Section 2.3. Besides in-
specting the direct and indirect effect in simple and par-
allel mediation, we also illustrated how to test more so-
phisticated hypotheses of a serial mediation model and a
moderated mediation model. For the serial mediation
model, we emphasized the significance of the long-way
specific indirect effect as most important. For the moder-
ated mediation model we recommended to test whether
the proposed indirect effect is conditional on levels of a
moderator, revealed by the index of moderated media-
tion. After giving detailed information on how to specify
the models with PROCESS syntax and interpret the rele-
vant elements of the PROCESS output, in the appendix
we illustrated how to report results. Concluding, we hope
that this review and tutorial will contribute to a consis-
tent and cognizant use of mediation analysis.

Notes

[1] Because consumer researchers frequently use mediation
analysis, we added the Journal of Consumer Psychology to
our list of top-tier journals.

[2] In their work, Baron and Kenny (1986) describe three regres-
sion equations and thus three steps. Because the third equation
is used to draw two different inferences, we refer to them as
separate steps.

[3] It is recommendable to also download the templates document
from the website, which lists all the models PROCESS can
specify (Hayes 2017). A full documentation of PROCESS is
provided by Hayes (2013).

[4] The data can be downloaded from:
https://rsw.beck.de/zeitschriften/marketing/current-issue

[5] One can find the specification for this model in the graphical
user interface in Fig. 9. Note that the syntax will change with
the release of PROCESS v3 (Hayes 2017).

[6] Some journals, including the Journal of Consumer Research,
require reporting p-values between .05 and .10 as marginally
significant (Journal of Consumer Research 2017). Although
some researchers argue that marginally significant results
should be dismissed (Iacobucci 2005), it frequently happens
that marginally significant effects are treated as “almost (high-
ly) significant.” In the latter case, one would infer comple-
mentary partial mediation from the above results.
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Appendix
Suggestions for reporting PROCESS results (based on the data examples)

Simple mediation

We used PROCESS model 4 (Hayes 2013) to test the proposed mediation. The data is consistent with the claim that AAd impacts ABrand,
which in turn increases PI (b = .31; 95 % CI = .16 to .49). The mediation partially explains the effect of AAd on PI; in addition AAd influ-
ences PI independently from the proposed mechanism (b = .15, p = .047). Hence, we infer complementary partial mediation (Zhao et al.
2010).

(The reader may refer to Schrift and Amar (2015) and Siddiqui et al. (2017) for further examples of reporting simple mediation results
yielded from PROCESS in the marketing literature.)

Parallel mediation

We used PROCESS model 4 (Hayes 2013) to test the proposed mediations. Overall, we could establish a mediation of both proposed me-
diators, resulting in a significant mediation from AAd to PI through ABrand (b = .26; 95 % CI: .14 to .43) and recall (b = .08; 95 % CI: .02 to
.17). The proposed mediation through ABrand is significantly stronger than the one through product recall (∆b = .17; 95 % CI: .01 to .36).
There is an insignificant direct effect of AAd on PI (b = .12, p = .075). Taken together, the findings indicate full parallel mediation.

(The reader may refer to Hur et al. (2015) and Winterich and Zhang (2014) for further examples of reporting parallel mediation results
yielded from PROCESS in the marketing literature.)

Serial mediation

Using PROCESS model 6 (Hayes 2013) we could establish a serial mediation from AAd through ABrand through recall to PI (b = .05; 95 %
CI: .02 to .11). In addition, AAd had an indirect effect on PI through ABrand (b = .25, 95 % CI .13 to .41) but not through recall (b = .03,
95 % CI -.04 to .12). Finally, there is no direct effect of AAd on PI (b = .12, p = .075), indicating full serial mediation.

(The reader may refer to Hur et al. (2015) and Winterich and Zhang (2014) for further examples of reporting serial mediation results
yielded from PROCESS in the marketing literature.)

Moderated mediation

We used PROCESS model 7 (Hayes 2013) to test the proposed moderated mediation. Overall, we could establish a moderated mediation
from AAd through ABrand to PI, dependent on elaboration mode (index of moderated mediation: .31; 95 % CI: .06 to .63). While for the low
elaboration group there is a significant indirect effect of AAd on PI through ABrand (b = .45, 95 % CI .24 to .66), the effect disappears when
elaboration is high (b = .14, 95 % CI -.07 to .34).

(The reader may refer to Blanchard et al. (2016) and Hur et al. (2015) for further examples of reporting moderated mediation results
yielded from PROCESS in the marketing literature.)
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Laloux
Reinventing Organizations

2015. VIII, 356 Seiten.

Gebunden € 39,80

ISBN 978-3-8006-4913-6 

Portofrei geliefert:

vahlen.de/14174799

Bahnbrechend und inspirierend.

Herausragend zur  
Organisationsentwicklung
Frederic Laloux hat mit »Reinventing 

Organizations» das Grundlagenbuch

für die integrale Organisations-

entwicklung verfasst. Die Breite 

sowie Tiefe seiner Analyse und 

Beschreibung – ganzheitlich, selbst-

organisierend und sinnerfüllend 

operierender Unternehmen – ist 

einzigartig.

Die Schwerpunkte
Das erste Kapitel des Buches gibt einen Überblick über 

die historische Entwicklung von Organisationsparadig-

men, bevor im zweiten Kapitel Strukturen, die Praxis 

und die Kultur von Organisationen, die ein erfüllendes 

und selbstbestimmtes Handeln der Menschen ermög-

lichen, anhand von ausgewählten Beispielen vorgestellt 

werden. Auf die Bedingungen, Hindernisse sowie 

Herausforderungen bei der Entwicklung dieser evolutio-

nären Organisationen wird in Kapitel 3 eingegangen. 

Hier entwirft Frederic Laloux einen Leitfaden für

den Weg hin zu einer ganzheitlich orientierten und 

sinnstiftenden Organisation.

Spitzentitel
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Mann

Vertriebsrecht 

in Handel und Industrie

2017. XXI, 295 Seiten.  

Kartoniert € 39,–

ISBN 978-3-406-71162-6

Neu im August 2017

Mehr Informationen: 

www.beck-shop.de/bsfukt

Das neue Werk
liefert einen aktuellen und kompakten Überblick über 

das allgemeine Vertrags- und AGB-Recht sowie über die 

Praxisprobleme, die sich insbesondere beim Abschluss, 

bei der Durchführung und der Beendigung von Vertriebs-

verträgen sowie bei der Streitbeilegung stellen können.

Behandelt werden u. a.
■ Rahmen- und Liefervertrag

■ Handelsvertretervertrag

■ Vertragshändlervertrag

■ Qualitätssicherungsvereinbarung.

Zudem werden auch für angrenzende Rechtsbereiche, wie 

etwa das Produkthaftungsrecht und das Insolvenzrecht, 

die dort typischerweise auftretenden Fragen anwender-

freundlich beantwortet.

Vertriebsrecht in Handel und Industrie.

Der Autor
Dr. Marius Mann, MBA, M. Jur.  

(Oxford), ist Rechtsanwalt und berät 

führende nationale und internationa-

le Unternehmen u.a. aus den Berei-

chen Automotive, Maschinenbau, 

Pharmazie und Konsumgüter. Er ist 

Dozent an der European Business 

School für »German Contract and 

Commercial Law« und Autor vieler 

Fachpublikationen.

Beste Unterstützung
für Rechts- und Syndikusanwäl-

te, Geschäftsführer (insbesondere 

mittelständischer Unternehmen) und 

Vertriebsmanager.

Neu
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Herausgegeben von Prof. Dr. Christian Quirling,

Prof. Dr. Florian Kainz und Prof. Dr. Tobias Haupt

2017. XII, 342 Seiten Kartoniert € 29,80

ISBN 978-3-8006-5364-5 | Neu im August 2017

Portofrei geliefert: vahlen.de/17501568

Zum Werk

Das anwendungsorientierte Lehrbuch „Sportma-

nagement“ vermittelt die wichtigsten Grundlagen 

des Sportmanagements. Es beschreibt die wich-

tigsten theoretischen Inhalte der unterschiedlichen 

Teilbereiche des Sportmanagements sowie die Um-

setzung anhand einer Vielzahl an Praxisbeispielen 

und realen Fallstudien aus der Management-Praxis.

Studierende erhalten dadurch das theoretische 

Know-how zu den wichtigsten Grundlagen des 

Sportmanagements sowie die Management- und 

Handlungskompetenz, die den entscheidenden 

Wettbewerbsvorsprung für eine Tätigkeit im Sport-

management ermöglichen.

Erhältlich im Buchhandel oder bei: vahlen.de | Verlag Franz Vahlen GmbH   

80791 München | bestellung@vahlen.de | Preise inkl. MwSt. | 168018

Grundlagen, Umsetzung, 
Beispiele, Fallstudien.

Von Jun.-Prof. Dr. Anja Danner-Schröder und

Prof. Dr. Gordon Müller-Seitz.

2017. XI, 112 Seiten. Kartoniert € 14,90

ISBN 978-3-8006-5329-4 

Portofrei geliefert: vahlen.de/16993709

Dieser Leitfaden

ist eine anwendungsorientierte, methodische

Arbeitshilfe für Seminar- und Abschlussarbeiten. 

Der Fokus wird einerseits auf das mit Beispielen 

reichhaltig illustrierte Sammeln von Daten (z.B. mit 

Blick auf Möglichkeiten, Feldzugang zu erlangen)

gelegt. Andererseits wird aufgezeigt, wie von quali-

tativen »Rohdaten« mittels unterschiedlicher

Analyseoptionen und -schritte theoretische Bezugs-

rahmen zu entwerfen und gestalten sind.

Perfekt

für Studierende der Wirtschaftswissenschaften und 

anderer Fachbereiche, die im Rahmen der Erstellung 

wissenschaftlicher Arbeiten qualitative Methoden 

für Datensammlung und -analyse verwenden.

Erhältlich im Buchhandel oder bei: vahlen.de | Verlag Franz Vahlen GmbH   

80791 München | bestellung@vahlen.de | Preise inkl. MwSt. | 166994

Datensammlung und 
Datenanalyse.
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Vom Produzenten zum 
produzierenden Dienstleister.

Die aktuellen Entwicklungen 

vom Produzenten zum produzierenden Dienstleister 

haben Auswirkungen auf das Produkt- und Service-

management. Neben der Gestaltung des Leistungsan-

gebots, der Entwicklung innovativer Lösungen sowie 

der dynamischen Anpassung der Geschäftsmodelle 

rückt der Kunde als strategischer Erfolgsfaktor bei der 

Leistungsentwicklung zunehmend in den Mittelpunkt. 

Deshalb gewinnt das kundenorientierte Management 

von Produkten und Dienstleistungen für Unternehmen 

an Bedeutung. Das Buch gibt einen umfassenden Über-

blick über die Grundlagen eines effektiven und effizi-

enten Einsatzes des Produkt- und Servicemanagements 

für Unternehmen. Dabei werden folgende Schwer-

punkte gelegt:

■ Konzeptionelle und theoretische Grundlagen

■ Strategische Ausrichtung und operative Umsetzung

■ Implementierung und Kontrolle

■ Aktuelle Entwicklungen und Zukunftsperspektiven

Studierende finden in dem Buch einen State-of-the-Art 

des Produkt- und Servicemanagements, Praktiker er-

halten einen detaillierten Überblick über den Manage-

mentprozess und zahlreiche Erfolgsbeispiele sowie 

die wichtigsten Zukunftstendenzen und Herausfor-

derungen des Produkt- und Servicemanagements. Die 

aktuelle Entwicklung von Produktherstellern zu Dienst-

leistungsanbietern wird ebenfalls thematisiert.

Bruhn/Hadwich
Produkt- und Servicemanagement

2. Auflage. 2017. Rund 470 Seiten. 

Gebunden ca. € 44,90

ISBN 978-3-8006-5359-1

Neu im  September 2017

Portofrei geliefert: 

vahlen.de/17488828
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Flohr/Wauschkuhn

Vertriebsrecht

ISBN 978-3-406-70635-6

Gebündeltes Know-how 
Die weit verstreuten Rechtsgrundlagen des gesamten 

Vertriebsrechts fasst dieser Kommentar praktisch und 

übersichtlich in einem Band zusammen. 

Erläutert werden die für die Vertriebspraxis relevanten 

Vorschriften u.a. aus dem 

■ BGB 

■ HGB 

■ Strafrecht 

■ Lauterkeitsrecht 

■ Wettbewerbsrecht 

■ Verbraucherschutzrecht 

■ Arbeits- und Sozialrecht.

Die bedeutsamsten Vertriebsarten werden ausführlich 

kommentiert: Handelsvertreter-, Vertragshändler-, Fran-

chise- und Kommissionsagenturvertrag.

Der Kommentar berücksichtigt auch das internationale 

Vertriebsrecht. 

Neu eingearbeitet sind u.a.
■ ein neuer Abschnitt zu »Vertriebsrecht und Schieds-

gerichtsbarkeit«

■ Kommentierungen zu den neuen Vorschriften über 

besondere Vertriebsformen in §§ 312 ff. BGB

■ die neuen Entscheidungen zur fristlosen Kündigung

und vorvertraglichen Aufklärung beim Franchise-

Verträgen

■ umfassende Erläuterungen zum Ausgleichsanspruch in 

Urteile.

Die Experten
Herausgeber RA Prof. Dr. Eckhard Flohr und RA Dr. Ulf 

Wauschkuhn sowie das gesamte Autorenteam sind ausge-

wiesene Fachkenner des Vertriebsrechts mit langjähriger 

praktischer Erfahrung aus Anwaltschaft und Industrie.

Bestens vernetzt im Vertriebsrecht.
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