
The behavioral science literature is replete with stud-
ies demonstrating that a particular independent variable 
explains variability in a dependent variable. Establishing 
relationships between variables is important, because cor-
relation is a necessary (but not sufficient) condition for 
claiming that two variables are causally related. Of even 
greater scientific interest is explaining how or by what 
means a causal effect occurs. Questions about cause– 
effect relations invoke the idea of mediation, the pro-
cess by which some variables exert influences on others 
through intervening or mediator variables. For example, 
evidence suggests that job autonomy, cognitive ability, 
and job-related skills all predict job performance. But it is 
even more informative to be able to claim that they exert 
their effects on job performance through role breadth—the 
variety of tasks a person performs on the job (Morgeson, 
Delaney- Klinger, & Hemingway, 2005). Assad, Donnel-
lan, and Conger (2007) found that the effect of optimism 
on romantic relationship quality is mediated by coopera-
tive problem solving. Kalyanaraman and Sundar (2006) 
showed that perceived interactivity of a Web portal func-
tions as a mediator of the effect of customization on atti-
tudes toward the portal. Such hypotheses go beyond mere 
description and help to explain process and causality.

There exists a large and growing literature on methods 
of testing simple mediation hypotheses—those in which 
the effect of some causal variable X on some proposed 
outcome Y is mediated by a single variable M. Our focus 

in this article is to discuss and illustrate the application 
of some of these methods to the estimation and testing of 
mediated effects in multiple mediator models—those with 
more than a single proposed mediator variable. We then 
discuss how statistical contrasts of two or more indirect 
effects in a multiple mediator model may be conducted, 
and present SAS, SPSS, Mplus, and LISREL syntax to 
facilitate the testing of multiple mediation hypotheses.

Mediation in Behavioral research

Mediation hypotheses posit how, or by what means, an 
independent variable (X ) affects a dependent variable (Y ) 
through one or more potential intervening variables, or 
mediators (M ). We address only the situation in which the 
causal order of X, M, and Y can be established on theoreti-
cal or procedural grounds. If a logical ordering of X, M, 
and Y cannot be established, other methods should be used 
to investigate mediation (e.g., Azen, 2003).

Mediation processes involving only one mediating vari-
able we term simple mediation. Figure 1B depicts a simple 
mediation model and shows how variable X’s causal effect 
can be apportioned into its indirect effect on Y through M 
and its direct effect on Y (path c′). Path a represents the ef-
fect of X on the proposed mediator, whereas path b is the 
effect of M on Y partialling out the effect of X. All of these 
paths would typically be quantified with unstandardized re-
gression coefficients. The indirect effect of X on Y through 
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computing the ratio of ab to its estimated standard error 
(SE). Numerous formulas have been proposed for estimat-
ing this SE (MacKinnon et al., 2002; Preacher & Hayes, 
2004), but the differences among them usually have neg-
ligible effects on test outcomes. A p value for this ratio is 
computed in reference to the standard normal distribution, 
and significance supports the hypothesis of mediation.

Methodologists have taken issue with the use of the 
standard normal distribution for deriving a p value for the 
indirect effect, since the sampling distribution of ab is nor-
mal only in large samples. One strategy, the distribution of 
the product approach (see MacKinnon et al., 2002; Mac-
Kinnon, Lockwood, & Williams, 2004), bases inference on 
a mathematical derivation of the distribution of the product 
of two normally distributed variables (Aroian, 1947; Craig, 
1936; MacKinnon et al., 2004; Springer, 1979) and thus ac-
knowledges the skew of the distribution of products rather 
than imposing the assumption of normality. SPSS, SAS, 
and R code are available for generating confidence inter-
vals (MacKinnon, Fritz, Williams, & Lockwood, 2007).

Bootstrapping, a nonparametric resampling procedure, 
is an additional method advocated for testing mediation 
that does not impose the assumption of normality of the 
sampling distribution. Bootstrapping is a computation-
ally intensive method that involves repeatedly sampling 
from the data set and estimating the indirect effect in each 
resampled data set. By repeating this process thousands 
of times, an empirical approximation of the sampling dis-
tribution of ab is built and used to construct confidence 
intervals for the indirect effect. Because we advocate 
bootstrapping for testing indirect effects in multiple me-
diator models later in this article, we will save a discussion 
of the technicalities of the method until then. For details 
of its application to simple mediation models, see Bol-
len and Stine (1990), Lockwood and MacKinnon (1998), 
MacKinnon et al. (2004), Shrout and Bolger (2002), and 
Preacher and Hayes (2004, 2008).

In extensive sets of simulations, MacKinnon et al. (2002; 
MacKinnon et al., 2004) examined the performance of these 
methods (among others) to assess their Type I error rates 
and power. They recommended the use of the distribution of 
the product approach or bootstrapping over the Sobel test or 
causal steps approach, on the grounds that the former have 
higher power while maintaining reasonable control over the 
Type I error rate. Even though it is the most commonly used 
method, the causal steps strategy cannot be recommended 
except in large samples. For a discussion, see Preacher and 
Hayes (2004) and MacKinnon et al. (2002).

strategies for assessing 
indirect effects in MultiPle 

Mediator Models

A design that has received less attention in both the 
methodological and applied literature involves simultane-
ous mediation by multiple variables, or multiple media-
tion. Researchers often have several putative mediators 
in mind to account for a given XY relationship. For 
example, Aiken, West, Woodward, Reno, and Reynolds 
(1994) examined the mediating effects of four perceptions 

M can then be quantified as the product of a and b (i.e., ab). 
The total effect of X on Y is quantified with the unstandard-
ized regression weight c (Figure 1A). The total effect of X 
on Y can be expressed as the sum of the direct and indirect 
effects: c 5 c′ 1 ab. Equivalently, c′ is the difference be-
tween the total effect of X on Y and the indirect effect of 
X on Y through M—that is, c′ 5 c 2 ab. These identities 
hold in regression and structural equation modeling (SEM) 
where M and Y are continuous, but not in cases where one 
or more of the dependent variables are binary; such situa-
tions require logistic or probit regression, in which case the 
identity does not hold (MacKinnon & Dwyer, 1993).

At least a dozen methods for testing hypotheses about 
mediation have been proposed (see MacKinnon, Lock-
wood, Hoffman, West, & Sheets, 2002, for an overview). 
By far the most commonly used is the causal steps strat-
egy, popularized by Baron and Kenny (1986), in which 
the investigator estimates the paths of the model in Fig-
ure 1, using OLS regression or SEM, and assesses the 
extent to which several criteria are met. Variable M is 
a mediator if X significantly accounts for variability in 
M, X significantly accounts for variability in Y, M signifi-
cantly accounts for variability in Y when controlling for 
X, and the effect of X on Y decreases substantially when 
M is entered simultaneously with X as a predictor of Y. 
As Kenny, Kashy, and Bolger (1998) note, however, the 
latter criterion will be satisfied when the first and third 
criteria are satisfied and when the signs of the effects are 
consistent with the proposed mediation process. With ref-
erence to Figure 1, these criteria essentially require paths 
a, b, and c to be significant and c′ to be smaller than c 
by a nontrivial amount. However, some authors (Collins, 
Graham, & Flaherty, 1998; Judd & Kenny, 1981; Kenny 
et al., 1998; MacKinnon, 1994, 2000; MacKinnon, Krull, 
& Lockwood, 2000; Shrout & Bolger, 2002) have argued 
that a significant total effect of X on Y (quantified as c in 
Figure 1) is not necessary for mediation to occur.

Most other approaches to testing mediation hypotheses 
focus not on the individual paths in the mediation model 
but instead on the product term ab, under the logic that 
this product is equal to the difference between the total 
and direct effect. The Sobel test (Sobel, 1982, 1986), 
also called the product-of-coefficients approach, involves 
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figure 1. (a) illustration of a direct effect. X affects Y. (B) il-
lustration of a mediation design. X is hypothesized to exert an 
indirect effect on Y through M.
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case mediation) is found, one can conclude that the set 
of j variables mediates the effect of X on Y. Second, it is 
possible to determine to what extent specific M variables 
mediate the XY effect, conditional on the presence of 
other mediators in the model. Third, when multiple pu-
tative mediators are entertained in a multiple mediation 
model, the likelihood of parameter bias due to omitted 
variables is reduced. By contrast, when several simple me-
diation hypotheses are each tested with a simple mediator 
model, these separate models may suffer from the omit-
ted variable problem, which can lead to biased parameter 
estimates (Judd & Kenny, 1981). Fourth, including several 
mediators in one model allows the researcher to determine 
the relative magnitudes of the specific indirect effects as-
sociated with all mediators. In other words, including sev-
eral mediators in the same model is one way to pit com-
peting theories against one another within a single model. 
Theory comparison is good scientific practice.

Investigating multiple mediation in the context of mod-
els like those depicted in Figure 2 can be considerably 
more complex than investigating simple mediation. As-
sessing multiple mediation involves not only deciding 
whether or not an indirect effect exists, but also deciding 
how to tease apart individual mediating effects often at-
tributable to several potential mediators that may overlap 
in content (West & Aiken, 1997). It is important to re-
member that a specific indirect effect through a media-
tor (say, M3) in the multiple mediation context is not the 
same as the indirect effect through M3 alone, except in 
the unlikely circumstance that all other mediators are un-
correlated with M3. The specific indirect effect through 
M3 represents the ability of M3 to mediate the effect of X 

(perceived susceptibility to breast cancer, perceived sever-
ity of consequences of breast cancer, perceived benefits 
of mammography, and barriers to obtaining a mammo-
gram) on the effectiveness of educational programs de-
signed to increase mammography screenings. Reynolds 
et al. (2004) explored knowledge, availability of fruits and 
vegetables, and parental consumption as mediators of the 
effect of a school-based intervention to increase healthy 
food consumption on children’s consumption of fruits and 
vegetables. Raver and Gelfand (2005) hypothesized that 
the relationship between ambient sexual harassment and 
team financial performance is mediated by team conflict, 
team cohesion, and team citizenship. Constantine (2007) 
examined the mediating roles of general and multicultural 
counseling competence and client–counselor therapeutic 
alliance in the relationship between subtle racist denigra-
tion and satisfaction with counseling. Carson, Carson, 
Gil, and Baucom (2007) showed that the effectiveness of 
a mindfulness-based relationship enhancement interven-
tion on relationship satisfaction was mediated by partners’ 
perceptions of engaging in exciting self-expanding activi-
ties, but not by partners’ tolerance of each other’s difficult 
characteristics, or the ability to relax. Holbert, Shah, and 
Kwak (2003) illustrated that viewing traditional dramas, 
progressive dramas, and situation comedies mediated the 
influence of political ideology on support for women’s 
rights. Also, de Zavala and Van Bergh (2007) demon-
strated that the effect of the need for closure on politi-
cal conservatism was mediated by traditional and modern 
worldviews, but not by a postmodern worldview. Other 
examples are readily found.

We suspect that the main reason there has been little 
focus on methods for testing multiple mediation hypoth-
eses is that the analytic methods are somewhat arcane, 
relative to those for simple mediation. To date, only a few 
authors (e.g., Bollen, 1987, 1989; Brown, 1997; Cheung, 
2007; MacKinnon, 2000; West & Aiken, 1997) have de-
voted attention to the simultaneous testing of multiple in-
direct effects, yet the potential uses for such methods are 
clear and abundant.

Figure 2 depicts a multiple mediation model with j me-
diators.1 As in Figure 1, Figure 2A represents the total 
effect of X on Y (path c). Figure 2B represents both the 
direct effect of X on Y (path c′) and the indirect effects of 
X on Y via the j mediators. The specific indirect effect of 
X on Y via mediator i (Brown, 1997; Fox, 1985) is defined 
as the product of the two unstandardized paths linking X 
to Y via that mediator. For example, the specific indirect 
effect of X on Y through M1 is quantified as a1b1. The total 
indirect effect of X on Y is the sum of the specific indirect 
effects, Σi(aibi), i 5 1 to j, and the total effect of X on Y is 
the sum of the direct effect and all j of the specific indirect 
effects: c 5 c′ 1 Σi(aibi), i 5 1 to j. The total indirect ef-
fect can also be calculated as c 2 c′.

There are several advantages to specifying and test-
ing a single multiple mediation model in lieu of separate 
simple mediation models. First, testing the total indirect 
effect of X on Y is analogous to conducting a regression 
analysis with several predictors, with the aim of determin-
ing whether an overall effect exists. If an effect (in this 
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figure 2. illustration of a multiple mediation design with j me-
diators. (a) X affects Y. (B) X is hypothesized to exert indirect 
effects on Y through M1, M2, . . . , Mj.
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Fienberg, & Holland, 1975) to derive the SE of the total 
indirect effect (c 2 c′). It is usually also of interest to in-
vestigate the specific indirect effects through individual 
mediators, which we discuss later. Because the mathemat-
ics are handled by the macros to be described later, we do 
not dwell on the derivations here but rather include them 
in supplementary material at the first author’s Web site.3

The total indirect effect for a model including three me-
diators is simply the sum of the specific indirect effects—
that is, f 5 a1b1 1 a2b2 1 a3b3. Using methods described 
by Bollen (1987, 1989), the asymptotic variance of a total 
indirect effect involving three mediators, for example, can 
be shown to equal:
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where subscripts indicate the mediator with which each 
of the a and b coefficients is associated. The square root 
of this quantity is the first-order SE of the total indirect 
effect in a three-mediator model, assuming normality for 
the total indirect effect. A second-order version of the 
multivariate delta method can be employed to yield the 
exact SE (see Preacher, Rucker, & Hayes, 2007), although 
doing so improves accuracy only negligibly. MacKinnon 
(2000) provides a similar SE for the test of the total 
indirect effect (involving four potential mediators), but his 
SE assumes that the mediator residuals are uncorrelated, 
and consequently lacks terms containing covariances of 
the a paths. If these parameters are free, the model is 
saturated (i.e., df 5 0) and the a path coefficients will 
typically have nonzero covariances. Regardless of which 
formula is used, the SE for models involving fewer or 
more than four mediators can readily be obtained by either 
omitting terms from Equation 1 pertaining to nonexistent 
mediators in smaller models, or by adding terms pertaining 
to additional mediators in larger models. The formulae for 
specific indirect effects are the same as those for indirect 
effects in single-mediator models.

If path analysis or SEM is used to fit a multiple me-
diator model, as would typically be done, we recommend 
that residuals associated with the mediators be permitted 
to covary. There are examples in the literature where in-
vestigators fixed these residual covariances to zero (e.g., 
Holbert & Stephenson, 2003; Rutter & Hine, 2005), a 
practice that we do not endorse. Even if the mediator re-
sidual covariances are constrained to zero, the multiple 
mediation model still permits the mediators to covary to 
the extent that they mutually depend on X, so it is un-
clear what would be accomplished by constraining their 
residual covariances to zero. Doing so implies that the re-
searcher hypothesizes that the covariances among the me-
diators are completely explained by their mutual depen-
dence on X. This constraint may be difficult to defend on 
theoretical grounds, although it is a testable assumption. 
Second, residual correlations among mediators in such 
models can be substantial (e.g., Gudmundsdottir, Beck, 

on Y conditional on the inclusion of the other mediators 
in the model. Because of this, collinearity plays a role in 
multiple mediation models in much the same way as in 
ordinary multiple regression. The effects of the mediators 
on Y (the b paths) are often attenuated to the degree to 
which the mediators are correlated, a phenomenon that 
can compromise the significance of particular specific 
indirect effects. In intervention research, for example, an 
intervention is sometimes designed to impact multiple in-
tervening variables to achieve a desired outcome. In such 
cases, the mediators are almost necessarily correlated by 
virtue of their mutual reliance on a common cause, and 
individual mediators may not demonstrate large unique 
effects on the outcome.

We propose that investigating multiple mediation 
should involve two parts: (1) investigating the total in-
direct effect, or deciding whether the set of mediators 
transmits the effect of X to Y; and (2) testing hypotheses 
regarding individual mediators in the context of a multiple 
mediator model (i.e., investigating the specific indirect 
effect associated with each putative mediator). We do not 
suggest that a significant total indirect effect is a prerequi-
site for investigating specific indirect effects. It is entirely 
possible to find specific indirect effects to be significant 
in the presence of a nonsignificant total indirect effect.2 
Either or both types of effect may be of theoretical interest 
and worth investigating.

Several approaches have been suggested for assessing 
total and specific indirect effects in multiple mediator 
models. We focus on the four methods described earlier 
for testing a simple mediation hypothesis.

causal steps approach
The causal steps approach can be used to determine 

whether or not c 2 c′ represents a mediation effect in the 
multiple mediation context. Using this approach, the in-
vestigator asks whether the paths defining a specific indi-
rect effect (ai and bi in Figure 2) are significant. If either 
of the constituent paths for a hypothesized indirect effect 
through variable Mi is not different from zero, then vari-
able Mi is deemed not to be a mediator of the effect of X 
on Y. As noted earlier, the requirement that c be signifi-
cant is not always considered necessary for mediation to 
occur. It is possible, for example, for one variable (M1) to 
act as a mediator, and for a second (M2) to act as a sup-
pressor (see MacKinnon et al., 2000). In effect, M1 and M2 
may show indirect effects that cancel out.

Although it is easy to understand this extension of the 
causal steps approach, it suffers from the same shortcom-
ings it has when used in the single mediator context, and 
for this reason we regard the causal steps approach of little 
utility in the multiple mediator context. It relies on a set 
of tests of individual a and b paths rather than testing the 
specific indirect effects, and yields no point estimate or 
SE of the mediation effect.

Product-of-coefficients approach
A multivariate extension of the product-of-coefficients 

strategy is available for models involving multiple media-
tors. This test uses the multivariate delta method (Bishop, 
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serve as empirical, nonparametric approximations of the 
sampling distributions of the indirect effects of interest. 
The bootstrap confidence interval (CI) for the population- 
specific indirect effect through Mi is derived by sorting 
the k values of aibi

* from low to high. Values defining the 
lower and upper 100(α/2)% of the distribution of aibi

* are 
then found and taken as the lower and upper limits of the 
100(1 2 α)% CI for the population indirect effect, where 
α is the desired nominal Type I error rate. More specifi-
cally, the lower and upper bounds of a 100(1 2 α)% CI 
are defined, respectively, as the (.5α)kth and 1 1 (1 2 
.5α) kth values of aibi

* in this sorted distribution. For in-
stance, α 5 .05 generates a 95% CI. With k 5 1,000, the 
lower and upper bounds of the interval would be the 25th 
and 976th values of aibi

* in the sorted distribution of aibi
*. 

This procedure yields a percentile bootstrap CI. This same 
approach would be used to calculate a percentile bootstrap 
CI for the total indirect effect, replacing aibi

* in the dis-
cussion above with Σi(aibi

*).
Unlike regular CIs, percentile bootstrap CIs can be 

asymmetrical because they are based on an empirical es-
timation of the sampling distribution of the indirect effect, 
rather than on an assumption that the sampling distribu-
tion is normal. The sampling distribution of aibi

* is skewed 
relative to a normal distribution (unless a 5 b 5 0), and 
hence the confidence limits should not be equidistant from 
the point estimate. As Efron and Tibshirani (1993) suggest, 
the forced symmetry of ordinary CIs results in estimation 
inaccuracies and problems with Type I errors and power 
when used in hypothesis testing. Percentile bootstrap CIs 
can be improved by an adjustment to the percentile values 
of the sorted distribution of bootstrap estimates used for 
determining the bounds of the interval. For a technical and 
detailed treatment justifying the bias-corrected (BC) and 
bias-corrected and accelerated (BCa) intervals, see Efron 
(1987) and Efron and Tibshirani (1993).

To our knowledge, there are only two empirical investi-
gations of the performance of bootstrapping in a multiple-
mediator context. Briggs (2006) examined the accuracy 
of percentile, BC, and BCa CIs for estimating total and 
specific indirect effects in a two-mediator model, com-
paring their performance to the product-of-coefficients 
strategy, both in terms of coverage of the known effect 
and in hypothesis testing when sampling from 16 differ-
ent populations exhibiting various degrees of mediation. 
She found that bootstrapping generally was superior to 
the multivariate product-of-coefficients strategy in small 
to moderate samples, with BC and BCa performing best 
in terms of both power and Type I error rates. Williams 
(2004) and Williams and MacKinnon (2008) compared 
the product-of-coefficients strategy to percentile and BC 
methods, examining both Type I error rates and power in 
a three-mediator model with two outcomes. Bootstrap-
ping generally was superior to the product-of-coefficients 
strategy. There were differences between the percentile 
and bias corrected methods, depending on the size of the 
paths in the model, with the percentile method generally 
showing a slight superiority in conditions in which the 
bias corrected method was slightly liberal. As bootstrap-
ping becomes more widely known and implemented, we 

Coffey, Miller, & Palyo, 2004). If the mediator residuals 
are actually correlated and the researcher constrains the 
residual covariances to zero, the model will be misspeci-
fied; an unreasonable constraint will have been placed on 
the model. Model misspecification, in turn, can introduce 
substantial bias in SEs (Briggs, 2006; Cole & Maxwell, 
2003), although it will not bias point estimates of the a 
or b coefficients or the SEs of the a coefficients (in the 
models presented here). Under maximum likelihood 
estimation, the point estimates of all residual variances 
and coefficients will remain the same, whether or not the 
mediator residuals are permitted to covary. However, the 
SEs of the b paths will change, which in turn will affect 
normal-theory tests of total or specific indirect effects. 
Freeing residual covariances accounts for any unmod-
eled sources of covariation among mediators. In addition, 
whereas it is common to constrain the direct effect (c′) 
to zero in SEM-based tests of mediation, we recommend 
that c′ be estimated instead. Constraining even small c′ 
values potentially biases other path coefficients in the 
model, usually in a way that spuriously inflates estimates 
of indirect effects.

distribution of the Product strategy
Whereas the distribution of the product strategy can be 

used for testing specific indirect effects, the distribution 
of sums or differences of products (necessary for testing 
hypotheses about total indirect effects and pairwise con-
trasts among indirect effects, to be discussed later) has not 
yet been worked out. We regard this as an important area 
for future research.

Bootstrapping
One of the assumptions necessary for the use of SEs 

derived via the delta method—therefore, a limitation of 
this multivariate extension of the product-of-coefficients 
strategy—is that of multivariate normality. Not only must 
the paths that constitute the indirect effects follow a mul-
tivariate normal distribution; it is further assumed that the 
sampling distributions of the total and specific indirect 
effects are normal. Sobel (1982, 1986) applied the delta 
method for this purpose with very large samples in mind, 
in which case it is reasonable to expect the sampling dis-
tribution to be approximately normal. However, in finite 
samples the total indirect effect is rarely normal, as we 
noted with respect to simple mediation earlier. To address 
this problem, Shrout and Bolger (2002) argued that boot-
strapping methods can be extended to designs involving 
multiple mediation.

To bootstrap the sampling distribution of the specific 
and total indirect effects, take a sample of size n cases with 
replacement from the original sample. In other words, a 
given case can be selected as part of a bootstrap sample 
not at all, once, twice, or even multiple times. Using this 
new resample of size n, reestimate all j values of ai and bi 
and then calculate aibi

* and Σi(aibi
*), with the “*” denot-

ing an estimate derived from the resampled data set. This 
process is repeated k times, where k is preferably at least 
1,000, yielding k estimates of the total and specific indi-
rect effects of X on Y. The distributions of these k estimates 
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able pair. The product-of-coefficients and bootstrapping 
methods may be used to test hypotheses about contrasts, 
just as with total and specific indirect effects.

Consider first the case in which the researcher wishes 
to contrast the indirect effects through mediators M1 and 
M2. The value of the contrast is

 fc a b a b= −1 1 2 2 . (4)

The delta method yields

 

var[ ] ,fc = − +

+

b b b b

a

a a a a

b

1
2 2

1 2 2
2 2

1
2 2

1 1 2 2

1

2σ σ σ

σ −− +2 1 2 2
2 2

1 2 2
a a ab b bσ σ,  (5)

in the case where residuals among mediators are allowed 
to covary (see Bollen, 1987, 1989). Constraining residual 
covariances to zero results in independent a paths, yield-
ing the formula derived by MacKinnon (2000) for the 
variance of a single pairwise contrast,
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As with specific and total indirect effects, the square 
root of this variance is the first-order SE of the contrast, 
assuming normality for the contrast, and can thus be used 
to test hypotheses or to construct CIs. MacKinnon (2000) 
discusses several other useful contrasts and derives SEs 
for them under the assumption that the mediator residual 
covariances are constrained to zero. Any contrasts may be 
specified and tested using bootstrapping in lieu of deriving 
normal- theory SEs using the same logic described above. 
The contrast is computed after the manner of Equation 4 for 
each bootstrap resample, and a sampling distribution of this 
contrast is generated. The 100(α/2)th and 100(1 2 α/2)th  
percentiles (or bias-corrected versions) are then used to 
test the hypothesis that the contrast equals zero. Because 
point estimates of path coefficients do not depend on the 
choice to free or constrain residual covariances, bootstrap 
intervals do not depend on this choice.

software iMPleMentation

With the exception of the causal steps strategy, a pro-
cedure not well suited to the multiple mediator case, the 
procedures described here are computationally tedious and 
impractical without the aid of a computer. Fortunately, sev-
eral SEM programs can conduct hypothesis tests and con-
struct CIs for indirect effects in both simple and multiple 
mediator models, using either the product-of-coefficients 
strategy or bootstrapping in some form. AMOS (Arbuckle, 
1999) implements the percentile bootstrap method for total 
indirect effects in simple and multiple mediator models. 
Mplus (Muthén & Muthén, 2007) is the only program of 

will no doubt see more research comparing the methods. 
For now, the evidence supports our claim that the boot-
strapping methods we describe here are preferred over 
methods that assume symmetry or normality of the sam-
pling distribution of the indirect effect.

Earlier we noted that the choice between freely esti-
mating or constraining the mediator residual covariances 
to zero can affect the validity of inferences, using the 
product-of-coefficients approach. Not so with bootstrap-
ping. Because point estimates of path coefficients do not 
depend on the choice to free or constrain residual covari-
ances, bootstrap confidence intervals do not depend on 
this choice.

contrasting indirect effects 
in MultiPle Mediator Models

It is sometimes important to test the hypothesis that two 
indirect effects—whatever their magnitudes may be—are 
equal in size. For example, it may be of interest to com-
pare competing theories about the mode by which atti-
tudes affect behavior by including two or more mediators 
in one model and then comparing the strengths of the two 
indirect effects to decide which theory should be given 
more credence. Other occasions may demand more com-
plex contrasts. For example, it may be important to test the 
hypothesis that the size of one indirect effect is different 
from the average size of two other indirect effects linking 
the same pair of independent and dependent variables. Re-
searchers conducting contrasts should keep in mind that 
contrasts do not compare indirect effects per se, but rather 
specific indirect effects—the unique abilities of each me-
diator to account for the effect of X on Y. Contrasts rep-
resent comparisons of indirect effects only insofar as the 
mediators are themselves uncorrelated.

MacKinnon (2000) provides the only statistical treat-
ment of contrast hypotheses such as these. Of central im-
portance is his observation that all mediators of the same 
XY effect are quantified in the same metric—that of the 
dependent variable. To see why this is so, first note that 
any regression coefficient can be expressed as a function 
of a term involving only correlations and a term involving 
the scales (standard deviations, SDs) of the two variables 
involved. In the case of a single mediator (say, M1) in a 
two-mediator model,

 a r
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M
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1 1
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and Equation 3 below (Cohen, Cohen, West, & Aiken, 2003, 
Appendix 2). When a1 and b1 are multiplied together, SDM1

 
cancels out, leaving a result that is free of the metric of M1. 
This observation justifies the comparison of multiple indi-
rect effects linking the same independent–dependent vari-
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the dimensions identified by Chao, O’Leary-Kelly, Wolf, 
Klein, and Gardner (1994)—organizational goals and 
values, people, history, job performance proficiency, and 
politics—were considered. The basic theory underlying 
the hypotheses was that early socialization experiences are 
related to socialization outcomes, through their impact on 
the mastery of various facets of organizational socializa-
tion. However, not all socialization content dimensions 
were hypothesized as mediators for all relationships.

For illustrative purposes, we focus on a subset of hy-
potheses linking the helpfulness of socialization agents 
(helpful ) to future job satisfaction ( jobsat). Agent help-
fulness reflects the extent to which more senior cowork-
ers, supervisors, and administrative assistants were avail-
able and helpful when a new employee started at a new 
job. Klein et al. (2006) hypothesized that the mastery of 
three of the above five socialization content dimensions 
would mediate the effect of agent helpfulness on job sat-
isfaction. Those dimensions were job performance pro-
ficiency ( perform, the employee’s understanding of the 
tasks that need to be performed and how to perform them), 
people ( people, the establishment of successful work re-
lationships), and politics ( politics, the understanding of 
both formal and informal work relationships and power 
structures). Whereas three mediators were hypothesized, 
Klein et al. found the predicted indirect effect only for 
the people dimension. The analyses discussed here differ 
from those conducted by Klein et al. in important ways. 
First, no latent variables are employed; rather, for reasons 
of pedagogical simplicity, the indicators of the latent vari-
ables used for the three socialization content dimensions 
and for job satisfaction will be condensed to single mea-
sured variables. We use a subsample of 141 individuals 
with complete data on the variables of interest. Further-
more, in Klein et al., no model involving more than one 
mediator was assessed.

The total indirect effect of X on Y is f 5 a1b1 1 a2b2 1 
a3b3 5 .1074. To determine the significance of this effect, 
we employ Equation 1, and find that the asymptotic vari-
ance is var[f] 5 .0009719. The asymptotic critical ratio 
for the total indirect effect of X on Y is therefore

 Z = =.

.
.

1074

0009719
3 445, (7)

which leads to a rejection of the null hypothesis that the 
total indirect effect is zero ( p 5 .0006).

In multiple mediation models, the researcher is con-
cerned not only with the total indirect effect of X on Y, but 
also with specific indirect effects. The specific indirect 
effects are a1b1 5 .0222 (through politics), a2b2 5 .0796 
(through people), and a3b3 5 .0057 (through perform). 
The SEs and critical ratios for these effects are reported 
in Table 1. Of the potential mediators examined, we can 
conclude that people is likely an important mediator (Z 5 
2.94, p 5 .0033). Confidence intervals for each indirect 
effect can be computed in the usual way.

Because the assumption of normality of the sampling 
distribution of the total and specific indirect effects is 
questionable, particularly in small samples, as in our il-

which we know that implements both normal-theory and 
bootstrap methods (percentile and BC) for estimating both 
total and specific indirect effects. Additionally, it is possible 
to program Mx (Neale, Boker, Xie, & Maes, 2003) to sup-
ply bootstrap intervals for virtually any function of model 
parameters. Some programs, such as LISREL and Mplus, 
can be programmed to conduct contrasts of indirect effects 
(Cheung, 2007). We include Mplus syntax in Appendix A 
for estimating and contrasting specific indirect effects in 
a generic two-mediator model using BC bootstrapping. It 
is also worth mentioning that some SEM programs can be 
used to impose nonlinear constraints (e.g., contrasts of in-
direct effects), with the resulting lack of fit reflected by a 
change in the χ2 fit statistic. The performance of this like-
lihood ratio (LR) test for contrasts of indirect effects has 
not been formally examined in simulation studies, but in 
our experience tends to yield results similar to tests using a 
delta method SE. We do not examine this method here, but 
LISREL syntax is included in Appendix A for contrasting 
indirect effects using the LR test.

Mediation models are best estimated in a SEM context 
because of the greater flexibility SEM programs afford 
in model specification and estimation options. Although 
specialized SEM software is being used with increasing 
frequency to test mediation hypotheses, many researchers 
still rely on historically popular programs, such as SPSS 
or SAS, for their analyses. Neither SPSS nor SAS has the 
intrinsic capability to conduct the type of analysis we have 
described here, but both have built-in programming lan-
guages that allow users to create customized data analysis 
routines. We have developed macros for SPSS and SAS that 
provide researchers who prefer these programs the ability 
to conduct the type of analysis we have described here. The 
user can request tests of total and specific indirect effects 
using the product-of-coefficients approach or by bootstrap-
ping confidence intervals (percentile, BC, and BCa) at any 
desired confidence level (Mplus is inflexible in this regard). 
Additionally, at the user’s request, the macro conducts all 
possible pairwise contrasts of indirect effects in multiple 
mediator models. It also allows for statistical control of one 
or more covariates that are not proposed to be mediators of 
the total effect. The length of the macros precludes publi-
cation here, but they may be downloaded free from www 
.quantpsy.org, along with documentation. We now provide 
an illustrative example using the product-of-coefficients 
strategy (which assumes a large sample) and the SPSS ver-
sion of the macro for bootstrap results.

illustrative exaMPle

Klein, Fan, and Preacher (2006) tested several hypoth-
eses linking the early socialization experiences of new 
employees—specifically, the realism of preentry knowl-
edge (the quality and quantity of job-related information 
gained by new employees prior to entering employment) 
and the perceived helpfulness of socialization agents—to 
socialization outcomes, including job satisfaction, affec-
tive organizational commitment, and job role clarity. Sev-
eral dimensions of socialization content mastery were pro-
posed as putative mediators for these relationships. Five of 
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that only people is a mediator, since its 95% CI does not 
contain zero. Neither politics nor performance contributes 
to the indirect effect above and beyond people. Examina-
tion of the pairwise contrasts of the indirect effects (C1, 
C2, and C3 in Appendix B) shows that the specific indirect 
effect through people is larger than the specific indirect ef-
fect through performance, with a BCa 95% CI of 0.0167 to 
0.1576. Note that a formal p-value is provided for these ef-
fects in the section of output labeled “Normal Theory Tests 
for Indirect Effects,” but these tests assume the sampling 
distribution of the indirect effect (or their differences, in 
the case of pairwise contrasts) is normal, an assumption 
unnecessary for valid inference when bootstrapping is used. 
Observe that this interpretation of the mediation analysis 
does not focus at all on the statistical significance of the a 
and b paths, as is required using the causal steps method. 
Instead, emphasis is placed almost entirely on the direction 
and size of the indirect effects.

discussion

recommendations
When the hypothesis of mediation by multiple potential 

mediators is entertained, multiple mediation is the appropri-
ate analytic strategy. We have presented and discussed ways 
by which hypotheses of multiple mediation may be evalu-
ated. The product-of-coefficients strategy is useful only 
when the assumption of normality of the sampling distribu-
tion of the indirect effect can be reasonably met, as when 
large samples are available or when the effects are large.

Bootstrapping provides the most powerful and reason-
able method of obtaining confidence limits for specific 
indirect effects under most conditions, so our primary 
recommendation is to use bootstrapping—in particu-
lar, BC bootstrapping—whenever possible; see Briggs 
(2006), Williams (2004), and Williams and MacKinnon 
(2008) for extensive simulation results supporting this 
recommendation. We also recommend that researchers 
entertain the possibility of multiple mediators. In most 
situations, it is unlikely that the effect of an independent 
variable on an outcome is transmitted by only one means. 
When multiple mediators are entertained, it is often more 

lustration, we bootstrapped the indirect effects of help-
ful on jobsat, using the SPSS version of our macro. The 
estimates and 95% CIs (percentile, BC, and BCa) are 
in Table 1. In agreement with results of the product-of-
 coefficients strategy, people is the only significant media-
tor of the helpfuljobsat relationship.

To briefly illustrate how a pairwise contrast of two in-
direct effects may be conducted, consider two of the in-
direct effects examined in our running example, through 
politics and people. It was found earlier that the specific 
indirect effect of helpful on jobsat through politics was 
not significantly different from zero, but that the specific 
indirect effect through people was significant. It may be 
of interest to see whether these two indirect effects dif-
fer significantly. Using Equation 4 to define the contrast 
and Equation 5 to define its sampling variance yields fc 5 
(0.2106)(0.1052) 2 (0.2281)(0.3489) 5 20.0574 and 
var[fc] 5 0.001269. A 95% CI for the contrast is therefore 
{2.0574 6 1.96(.001269)½}, or {2.127, .012}. Because 
zero is contained in the interval, the two indirect effects 
cannot be distinguished in terms of magnitude, despite the 
fact that one is significantly different from zero and the 
other is not. Such apparent paradoxes can occur when one 
of the specific indirect effects involved in the contrast is 
not sufficiently far from zero.4

Appendix B contains the full macro output. The bootstrap 
estimates presented here are based on 5,000 bootstrap sam-
ples.5 The interpretation of these results is that, taken as a 
set, people, politics, and performance do mediate the effect 
of helpful on jobsat. As can be seen in Appendix B, the total 
and direct effects of helpful on jobsat are 0.2131, p , .01, 
and 0.1057, p , .07, respectively. The difference between 
the total and direct effects is the total indirect effect through 
the three mediators, with a point estimate of .1074 and a 
95% BCa bootstrap CI of 0.0612 to 0.1680 (i.e., we can 
claim that the difference between the total and the direct ef-
fect of helpful on jobsat is different from zero). From output 
in Appendix B, the directions of the a and b paths are con-
sistent with the interpretation that greater helpfulness leads 
to greater mastery of the politics, people, and performance 
dimensions, which in turn leads to greater job satisfaction. 
An examination of the specific indirect effects indicates 

table 1 
Mediation of the effect of Perceived helpfulness of existing employees on Job satisfaction through new 

employees’ understanding of Performance standards, formation of social networks, and organization Politics

Product of 
Coefficients

Bootstrapping

Point 
Estimate

Percentile 95% CI BC 95% CI BCa 95% CI

   SE  Z  Lower  Upper  Lower  Upper  Lower  Upper

Indirect Effects
Politics 0.0222 0.0210 1.0555 20.0173 0.0677 20.0151 0.0707 20.0164 0.0691
People 0.0796 0.0271 2.9366 0.0312 0.1394 0.0332 0.1430 0.0347 0.1481
Perform 0.0057 0.0133 0.4258 20.0201 0.0348 20.0175 0.0383 20.0187 0.0361
TOTAL 0.1074 0.0312 3.4452 0.0589 0.1650 0.0612 0.1682 0.0612 0.1680

Contrasts
Politics vs. people 20.0574 0.0360 21.5932 20.1402 0.0177 20.1420 0.0156 –0.1508 0.0105
Politics vs. perform 0.0165 0.0284 0.5801 20.0328 0.0684 20.0331 0.0684 –0.0328 0.0687
People vs. perform 0.0739 0.0325 2.2730 0.0104 0.1498 0.0130 0.1523 0.0167 0.1576

Note—BC, bias corrected; BCa, bias corrected and accelerated; 5,000 bootstrap samples.
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Finally, the macros presented here may be applied and 
extended in creative ways. For example, the ability to in-
clude covariates permits the testing of mediated modera-
tion effects (Baron & Kenny, 1986), in which interaction 
effects are hypothesized to be mediated; future research 
might also address how mediated moderation effects may 
be contrasted in a pairwise manner. The macros can also 
be used to estimate indirect effects in models with k inde-
pendent variables by estimating k models. In each of these 
models, one of the variables is chosen as the independent 
variable, and the remaining k 2 1 variables are treated as 
covariates. Future work could also address methods for 
investigating simple and multiple mediation in models 
involving multiple outcome measures, nonlinear effects, 
multilevel designs, or missing data.
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5. There is no consensus as to how many bootstrap samples should 
be generated, except that more is better. Given that the percentile end-
points are estimated using extremes of the sampling distribution and 
that, for BCa intervals, a good estimate of the acceleration constant 
is needed, it is important to minimize sampling variance in these es-
timates. We recommend at least 5,000 resamples for final reporting, 
although 1,000 is probably sufficient for preliminary analyses. There 
is little reason to use fewer, given the speed of today’s desktop comput-
ing technology.

4. Such paradoxes occur frequently and are a result, in part, of think-
ing about effects in dichotomous terms—as zero or something else. For 
example, a researcher may reject an omnibus null hypothesis that three 
means are different from each other using ANOVA even though post hoc 
comparisons between means may fail to find that any two means are 
statistically different. Or the multiple correlation in a regression analysis 
may be different from zero even though none of the regression coeffi-
cients for the individual predictors are. Ultimately, such paradoxes result 
from conducting multiple tests that differ in power.

aPPendix a 
Mplus and lisrel syntax

The following Mplus syntax assumes that the user has a data set with four variables (x, m1, m2, and y) and 
that it is of interest to estimate the specific indirect effects of x on y through m1 and m2 using bias-corrected 
bootstrapping. If it is desired to test the contrast hypothesis that the two indirect effects are equal, the “!” symbols 
should be omitted before running.

TITLE: Two-mediator example with contrast
DATA: FILE IS example.dat;
VARIABLE: NAMES ARE x m1-m2 y;
ANALYSIS: BOOTSTRAP 5 5000;
MODEL: m1 ON x(a1); m2 ON x(a2); y ON m1(b1);
   y ON m2(b2); y on x; m1 WITH m2;
MODEL INDIRECT: y IND m1 x; y IND m2 x;
!MODEL CONSTRAINT: NEW(a1b1 a2b2 con);
!      a1b15a1*b1; a2b25a2*b2; con5a1b1-a2b2;
OUTPUT: CINTERVAL(BCBOOTSTRAP);

The following LISREL syntax assumes that the user has a data set with four variables (x, m1, m2, and y; N 5 
20) and that it is of interest to contrast the two indirect effects using a likelihood ratio test. The p-value associated 
with the reported χ2 statistic reflects the result of the LR test.

TI Multiple Mediator Example
DA NI54 NO520 MA5CM
RA FI5example.dat
MO NY54 NE54 LY5ID PS5SY,FI BE5FU,FI TE5ZE
LE
x m1 m2 y
PA PS
1
0 1
0 1 1
0 0 0 1
MA PS
.5
 0 .5
 0 .1 .5
 0  0  0 .5
PA BE
0 0 0 0
1 0 0 0
1 0 0 0
1 1 1 0
MA BE
 0 0 0 0
.5 0 0 0
.5 0 0 0
.5.5.5 0
CO BE(2,1)5BE(3,1)*BE(4,3)*BE(4,2)**-1
PD
OU ME5ML ND56 EF EP50.00001 IT52000 NS EC AD5OFF
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aPPendix B 
sPss Macro input and output

The macro command set (available for both SPSS and SAS) can be found at www.quantpsy.org.

Macro command line:

INDIRECT Y 5 jobsat/X 5 helpful/M 5 politics people perform/C 5 0/BOOT 5 
5000/CONF 5 95/CONTRAST 5 1/PERCENT 5 1/BC 5 1/BCA 5 1.

Macro output:

Run MATRIX procedure:

Dependent, Independent, and Proposed Mediator Variables:
DV 5   jobsat
IV 5   helpful
MEDS 5 politics people perform

Sample size
       141

IV to Mediators (a paths)
 Coeff se t p
politics .2106 .0473 4.4571 .0000
people .2281 .0477 4.7860 .0000
perform .1710 .0606 2.8245 .0054

Direct Effects of Mediators on DV (b paths)
 Coeff se t p
politics .1052 .0983 1.0705 .2863
people .3489 .0954 3.6577 .0004
perform .0332 .0783 .4245 .6719

Total Effect of IV on DV (c path)
 Coeff se t p
helpful .2131 .0532 4.0061 .0001

Direct Effect of IV on DV (c’ path)
 Coeff se t p
helpful .1057 .0559 1.8922 .0606

Fit Statistics for DV Model
 R-sq Adj R-sq F df1 df2 p
 .2230 .2001 9.7553 4.0000 136.0000 .0000

*****************************************************************
 NORMAL THEORY TESTS FOR INDIRECT EFFECTS

Indirect Effects of IV on DV through Proposed Mediators (ab paths)
 Effect se Z p
TOTAL .1074 .0312 3.4452 .0006
politics .0222 .0210 1.0555 .2912
people .0796 .0271 2.9366 .0033
perform .0057 .0133 .4258 .6702
C1 -.0574 .0360 -1.5932 .1111
C2 .0165 .0284 .5801 .5619
C3 .0739 .0325 2.2730 .0230

*****************************************************************



MultiPle Mediator Models    891

 BOOTSTRAP RESULTS FOR INDIRECT EFFECTS

Indirect Effects of IV on DV through Proposed Mediators (ab paths)
 Data Boot Bias SE
TOTAL .1074 .1079 .0005 .0268
politics .0222 .0224 .0003 .0217
people .0796 .0799 .0003 .0277
perform .0057 .0056 -.0001 .0136
C1 -.0574 -.0575 -.0001 .0407
C2 .0165 .0168 .0004 .0257
C3 .0739 .0743 .0004 .0350

Bias Corrected and Accelerated Confidence Intervals
 Lower Upper
TOTAL .0612 .1680
politics -.0164 .0691
people .0347 .1481
perform -.0187 .0361
C1 -.1508 .0105
C2 -.0328 .0687
C3 .0167 .1576

Bias Corrected Confidence Intervals
 Lower Upper
TOTAL .0612 .1682
politics -.0151 .0707
people .0332 .1430
perform -.0175 .0383
C1 -.1420 .0156
C2 -.0331 .0684
C3 .0130 .1523

Percentile Confidence Intervals
 Lower Upper
TOTAL .0589 .1650
politics -.0173 .0677
people .0312 .1394
perform -.0201 .0348
C1 -.1402 .0177
C2 -.0328 .0684
C3 .0104 .1498

*****************************************************************

Level of Confidence for Confidence Intervals: 95
Number of Bootstrap Resamples: 5000

*****************************************************************

 INDIRECT EFFECT CONTRAST DEFINITIONS: Ind_Eff1 MINUS Ind_Eff2
Contrast IndEff_1 IndEff_2
C1 politics people
C2 politics perform
C3 people perform

------ END MATRIX -----
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