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Abstract

Mediation analysis is widely used to study whether the effect of an independent variable on an outcome is transmitted through
a mediator. Bayesian methods have become increasingly popular for mediation analysis. However, limited research has been
done on formal Bayesian hypothesis testing of mediation. Although hypothesis testing using Bayes factor for a single path
is readily available, how to integrate the Bayes factors of two paths (from input to mediator and from mediator to outcome)
while incorporating prior beliefs on the two paths and/or mediation is under-studied. In the current study, we propose a
general approach to Bayesian hypothesis testing of mediation. The proposed approach allows researchers to specify prior
odds based on the substantive research context and can be used in mediation modeling with latent variables. The impact
of prior odds specifications on Bayesian hypothesis test of mediation is demonstrated via both real and hypothetical data
examples. Both R functions and a user-friendly R web app are provided for the implementation of the proposed approach.
Our study can add to researchers’ toolbox of mediation analysis and raise researchers’ awareness of the importance of prior

odds specifications in Bayesian hypothesis testing of mediation.

Keywords Bayes factor - Mediation analysis - Bayesian hypothesis testing

Introduction

Mediation studies are common in psychology and other
social and behavioral science disciplines. Mediation analysis
is a useful approach for studying the mechanisms that under-
lie the effect of an independent variable X on an outcome
variable Y. When performing mediation analyses, hypothesis
testing is often conducted to test whether the effect of X on
Y is transmitted by a mediator M (Baron & Kenny 1986;
MacKinnon 2008).

For mediation analysis, various frequentist methods have
bee proposed and evaluated (e.g., MacKinnon, Fritz, Wil-
liams, & Lockwood 2007; MacKinnon, Lockwood, Hoff-
man, West, & Sheets 2002; Tofighi & Kelley 2020). In recent
years, Bayesian methods have been developed and becoming
increasingly popular for mediation analysis (e.g., Che, Jin,
& Zhang 2021; Miocevi¢, Gonzalez, Valente, & MacKinnon
2018; Wang & Preacher 2015; Yuan & MacKinnon 2009).
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For example, Yuan & MacKinnon (2009) proposed Bayesian
approaches for estimating mediation effects for both single-
level and multilevel mediation models; Wang & Preacher
(2015) applied Bayesian methods to moderated mediation
analysis; and Che, Jin, & Zhang (2021) utilized Bayesian
estimation in mediation analysis with social network data.
Compared to the frequentist methods, Bayesian methods
allow researchers to incorporate prior knowledge into media-
tion analysis. For estimation, incorporating prior informa-
tion has been shown to help reduce uncertainty in posterior
distributions of mediation effects and improve precision of
mediation effect estimates (e.g., Yuan & MacKinnon 2009).

A majority of the developed Bayesian methods for medi-
ation analysis focused on estimation rather than hypothesis
testing. Credible interval estimates of mediation effects have
been used in Bayesian mediation analysis. While Bayesian
parameter estimation is useful, Bayesian hypothesis test-
ing can facilitate theory prediction by (1) quantifying the
strength of evidence provided by the data for two hypoth-
eses (null vs. alternative hypotheses) using Bayes factor
and (2) making probabilistic statements about the hypoth-
eses using posterior odds given both prior beliefs and data.
Formal Bayesian hypothesis testing, however, is still not
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widely conducted in Bayesian mediation analysis. Yuan &
MacKinnon (2009, p. 319) noted that, “One important topic
we have not covered in this article is hypothesis testing. An
approximation is that we may test the null hypothesis of no
mediation effect on the basis of whether the 95% credible
interval contains zero. However, this approach has more
of the flavor of conventional frequentist hypothesis testing.
Strict Bayesian hypothesis testing is based on Bayes factor
...> To reduce the research gap, we study how to conduct
Bayesian hypothesis testing for mediation in this paper.
Next, we first briefly introduce Bayesian hypothesis testing,
and then review the only existing study, to the best of our
knowledge, on Bayesian hypothesis testing of mediation.

Bayesian hypothesis testing

Formal Bayesian hypothesis testing (BHT) is formulated
as comparing two or more competing models. Using null
hypothesis testing as an example, there are two models: the
model under the null hypothesis (H,) and the model under
the alternative hypothesis (H,). The two models are both
probable to be true. Before collecting data, a researcher
evaluates the prior probabilities of the two hypotheses
against each other (prior odds; PriorOdds = p[H,]1/p[H,].
with p[H,] and p[H,] denoting the prior probabilities of
the alternative and null hypotheses respectively) based on
prior knowledge. After collecting data (D), odds between
the two hypotheses are updated to form the posterior odds
(PosteriorOdds = p[H,|D]/p[H,|D]) using information in
the collected data, by means of the Bayes’ rule. The poste-
rior odds quantifies the relative probabilities of alternative
vs. null hypotheses by integrating both prior beliefs and the
data information. The Bayes’ rule states that the posterior
odds equals the product of the prior odds and the Bayes
factor (BF):

PosteriorOdds = PriorOdds X BF. D
The Bayes factor (Jeffreys 1961)

_ p(D|H})
p(D|H,)

@

is the relative likelihood of observing the data (D) under H,
versus under H,.! BF can be interpreted as a measure of the
relative strength of data evidence in favor of the alternative
hypothesis compared to the null hypothesis and is a popular
quantity reported in Bayesian hypothesis testing.

During the debate on frequentist null hypothesis signifi-
cance testing (NHST) over the past few decades (e.g., Berger

! To simplify notations, throughout the article, the numerators of Pri-
orQOdds, PosteriorOdds and BF are for H; or evaluated under H; and
the denominators are for H,, or evaluated under H,,.
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& Sellke, 1987; Harlow et al., 1997; Iverson et al., 2009;
Nickerson, 2000), BHT has been promoted as a promising
alternative to NHST and becoming increasingly popular
in psychology (e.g., Dienes 2019; Hoijtink, Mulder, van
Lissa, & Gu 2019; Ly, Verhagen, & Wagenmakers 2016;
Mulder & Wagenmakers 2016; Wagenmakers et al. 2018).
In particular, with BHT, researchers can obtain the posterior
probability that the null or the alternative hypothesis is true
given the observed data to quantify the evidence supporting
Hyor H, (i.e., p[Hy|D] or p[H,|D]). In comparison, NHST
evaluates the evidence against but not in favor of H,. The p
value yielded by NHST, which is the probability of observ-
ing data as extreme or more extreme than the observed one
assuming H,, is true, has been found to be liable to misinter-
pretation in practice (e.g., Anderson 2020; Berger & Sellke
1987; Ioannidis 2019). Furthermore, unlike NHST, BHT
allows researchers to incorporate prior information (e.g.,
from researchers’ substantive knowledge, previous studies,
or historical data) into evaluating evidence for H, vs. H,,.
This feature makes BHT a useful approach for cumulative
research.and the posterior credible interval approach

In BHT, the null hypothesis can be a point (or “nill”’) null
hypothesis stating that the parameter of interest is precisely
equal to a specific value (e.g., zero), or an interval null
hypothesis stating that the value of the parameter belongs
to a certain interval (e.g., an interval around zero). There
is a large body of literature on the use of BHT for testing
point null hypotheses (e.g., Jeffreys 1961; Kass & Raftery
1995; Wagenmakers et al. 2018; Wetzels & Wagenmakers
2012). Recent years have also seen great development
of BHT approaches for testing interval null hypotheses
(e.g., Hoijtink et al., 2008; Liao et al., 2020; Morey &
Rouder, 2011). In the current study, we consider point null
hypotheses for testing mediation effects. This is because
when conducting mediation analysis, researchers are often
interested in testing whether the hypothesized mediation
effect is present or not.

Bayesian hypothesis testing of mediation

Despite the popularity of BHT, limited research has been
done on testing mediation with BHT. Different from the
association or direct effect between two variables (e.g., a
correlation or regression coefficient), a mediation effect
involves at least two relations among three variables: the
relation between an independent variable and a mediator
(path «) and the relation between the mediator and an out-
come (path f) (e.g., MacKinnon 2008; Valeri & Vander-
Weele 2013). The mediation effect (i.e., the indirect effect
transmitted by the mediator) is present when both paths a
and f are present.

To the best of our knowledge, the only existing article
studying BHT for mediation is Nuijten et al. (2014). In
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Nuijten et al. (2014), a three-step BHT procedure was pro-
posed for testing mediation with the simple mediation model.
Specifically, in the first two steps, the Bayes factors of paths
a and f were separately computed and transformed to the
posterior probabilities that the paths exist, assuming each
path has a prior odds of 1. In the third step, the posterior
probability that mediation exists was calculated as the prod-
uct of the two path posterior probabilities assuming the two
paths are independent, and then converted to the Bayes factor
of mediation, assuming the mediation effect also has a prior
odds of 1.

Nuijten et al. (2014) contributed a useful addition to
researchers’ toolbox of mediation analysis. Despite the mer-
its, the approach proposed in Nuijten et al. (2014) has a few
potential limitations. First, the prior odds of the presence
of path a, path g, and mediation are all assumed to equal
1. In order for this assumption to hold, the two paths have
to be either both present or both absent, and thus the sce-
narios where one path is present while the other is absent are
not allowed to occur a priori.” Although this specific prior
odds specification might be appropriate for some substan-
tive studies, it could occur that researchers may have other
prior beliefs about the two paths and/or mediation. In such
scenarios, other methods are needed to facilitate the integra-
tion of data evidence and researchers’ prior beliefs into BHT
of mediation. How the prior odds specifications impact the
Bayes factor and posterior odds of mediation also awaits
further investigation.

Second, the approach assumes that paths a and f are inde-
pendent. However, this assumption is actually violated when
the assumed prior odds in Nuijten et al. (2014) are applied,
as we will show later. In addition, when latent variables are
used in mediation analysis, the two paths can be depend-
ent. In this case, the three-step procedure is not applica-
ble and BHT methods for testing mediation need further
development.

The current study

In this article, we expand the use of BHT for testing medi-
ation with two specific goals. First, we aim to develop a
method for BHT of mediation that can be applied to differ-
ent research contexts. We will propose a general approach
to calculating the Bayes factor and posterior odds between
the null and alternative mediation hypotheses. The proposed

2 If the prior odds of the presence of path a, path #, and mediation
all equal 1, we have p(a #0) =p(f #0)=pla #0,p #0)=0.5.
It is always true that p(a #0)=p(a #0, #0)+ pla #0, =0)
and p(f#0)=pl@a#0,§#0)+pla=0,#0). In order for
these prior probabilities to hold, both p(a #0,6=0)=0 and
p(a =0, # 0) = 0need to be true.

approach is applicable to (1) different substantive scenarios
where researchers might have different prior beliefs regard-
ing the two paths and/or mediation effect and (2) different
mediation models including the simple mediation and latent
variable mediation models.

Second, we aim to examine the impact of prior odds spec-
ifications on BHT of mediation. To fulfill this goal, we will
assess how the mediation Bayes factor and posterior odds
would change with different prior odds specifications, and
demonstrate the impact with both real and hypothetical data
examples. We hope the examination helps raise researchers’
awareness of the importance of prior odds specifications in
BHT of mediation.

In the rest of the article, we first propose a general
approach to BHT of mediation. Then we implement the pro-
posed approach in the simple mediation model, provide an
illustrative example, and investigate the impact of the prior
odds specification. Next, we apply the proposed approach
to the latent mediation model, and use a simulated-data
example for illustration. We end the article with discussing
the implications, limitations of the current study, and future
research directions.

The Proposed Approach to Bayesian
Hypothesis Testing of Mediation

In this section, we propose a general approach to computing
the Bayes factor and posterior odds for hypothesis testing
of a mediation effect. Denote the effect of an independent
variable on a mediator by a, and the effect of the mediator
on an outcome conditioning on the independent variable by
f. Using the product of coefficient method (Baron & Kenny
1986; MacKinnon 2008), the mediation effect is quantified
by af.’> The BHT of mediation is formulated as comparing
the null hypothesis (or model) H,, : aff = 0 vs. the alterna-
tive H; : af # 0. Other key notations used in the article and
their descriptions are summarized in Table 1.

Following Eq. 2, the Bayes factor for testing mediation,
denoted by BF med s the ratio between the likelihoods of
observing the data under the alternative vs. null hypotheses.
We have

pDla # 0,8 # 0)
GooppPDla =0, 8 = 0) + qg0p(D]a = 0,  # 0) + qgpp(Dla # 0, = 0)°

3

BF"ed —

3 Besides the product of coefficient method, mediation effects can
also be defined using the counterfactual approach (e.g., Holland
1986; Pearl 2001; Valeri & VanderWeele 2013), especially when
causal interpretation is of interest. In this article, we use the prod-
uct of coefficient method because it is widely used in the practice of
mediation analysis in psychology and social science research and is
relatively easy for substantive researchers to interpret.
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Table 1 Summary of notations

Notation Description Mathematical definition
do0j0 conditional prior probability that paths @ and f are both zero if mediation is absent dooo =p(@ =0, =0[af =0)
o110 conditional prior probability that path & is zero and path f is nonzero if mediation is absent  g¢yp = p(a =0, 8 # 0|af = 0)
d1010 conditional prior probability that path & is nonzero and path f is zero if mediation is absent g, = p(a # 0, = 0|af = 0)
PriorOdds* prior odds of path a PriorOdds® = 2429
pla=0)
PriorOdds? prior odds of path g PriorOdds? = 2E20
p(p=0)
PriorOdds"™ prior odds of the mediation effect PriorOdds™e® = P@f20)
p(ap=0)
BF* Bayes factor of path « BF® — PPlaz0)
p(D]a=0)
BF’ Bayes factor of path BFf — PDII#0)
p(D1p=0)
BF™med Bayes factor of the mediation effect BF™ed — p(D:aﬂ#O)
p(D]ap=0)
PosteriorOdds” posterior odds of path a PosteriorOdds® = p(a#O:D)
pa=0|D)
PosteriorOdds? posterior odds of path PosteriorOddsP = 1)$#g}g;
=
PosteriorOdds™  posterior odds of the mediation effect PosteriorOdds™d = p(nﬁ#o:D)
p(ap=0|D)

Specifically, under the alternative hypothesis that the media-
tion effect exists, paths @ and g are both non-zero. Thus,
the numerator in Eq. 3 provides the likelihood of observ-
ing the data under the alternative hypothesis. Under the null
hypothesis of no mediation, there are three possible sce-
narios: paths a and g are both zero; path a is zero and path
f is non-zero; or path f is zero and path a is non-zero. The
conditional prior probabilities of the three scenarios under
the null hypothesis, g9, 401> and q10|o,4 are used to obtain
the weighted average (or marginal) likelihood of observ-
ing the data under the null hypothesis (the denominator of
Eq. 3). The three conditional probabilities sum up to 1 and
are determined based on researchers’ prior knowledge about
how likely each of the three scenarios occurs if the null is
true. For example, gy0,0, 901 10> and g, are set to be 1/3 when
researchers believe the three scenarios under the null are
equally likely to occur before collecting data. In the next sec-
tion, we will discuss how the conditional prior probabilities
are related to the prior odds of a, f, and mediation when a
and f are independent.

The mediation posterior odds PosteriorOdds™, the rela-
tive posterior probabilities of the presence vs. absence of
mediation, can be obtained following the Bayes’ rule (Eq. 1):

PosteriorOdds™? = BF™? x PriorOdds™ (@)

with PriorOdds™ being the prior odds of mediation speci-
fied to reflect researchers’ prior belief about the relative
probabilities of the presence vs. absence of mediation before
collecting data.

* That is, Pa=0.4=0),

4q00]0 =Pla=0,f=0Hg : af =0) = P(@p=0)

=0,/#0 0,4=0
d01]0 = Pla = 0,f #OlHy : af =0) = %, and 41010 = Pla #0,p = O0lHy : af =0) = %
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Equations 3 and 4 provide a means to conduct BHT of
mediation that accommodates different research contexts.
First, both equations do not require that paths « and f are
independent. This makes the proposed approach applicable
to not only the simple mediation model where paths a and
p are independent but also latent variable mediation models
in which the two paths may be dependent. Furthermore, as
we will demonstrate, with Eqs. 3 and 4, prior knowledge can
be incorporated into computing the mediation Bayes fac-
tor and posterior odds using different ways. This allows the
application of the proposed approach across different sub-
stantive scenarios in which researchers’ prior beliefs about
the mediation process may vary.

Next, we first examine the special case where paths a
and g are independent and then consider the general case
where the paths can be dependent. Both R functions (fun_
BHTmed.R) and an R web app (BayesianHypothesisTesting
Mediation) are developed for implementing the proposed
approach, and can be downloaded from https://github.com/
xliul2/BHT.med. More details about the developed tools
will be provided in the illustrative examples.

Scenario 1: Independent Paths @ and B

In this section, we examine the proposed BHT approach when
paths a and f are independent. We use the simple mediation
model where the two paths are independent (Nuijten et al.,
2014) as an example for illustration. We first present the
technical procedure and illustrate it through a real-data
example. Then, we investigate the impact of prior odds
specification on the BHT results using hypothetical data sets.
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Technical details (e.g., derivations of Egs. 7-10) are given in

the supplemental materials (https://github.com/xliul2/BHT.

med/blob/main/bfmed_supplement_technical.pdf).
Consider the following simple mediation model

M =aX + ey, &)

Y=t'X+pBM+ey (6)

where X, M, and Y are centered for the ease of discussion,
and the residuals €, and €y are assumed to have mean zero
and be independent.

Under the assumption that paths @ and f are independ-
ent, the mediation Bayes factor can be obtained using the
Bayes factors of paths « and f (denoted by BF® and BF”,
respectively; see Table 1 for the mathematical definitions):

BF*BF?

BF™! = : 7
9000 + 90110BF? + q10,0BF* 7

Following Eq. 4, the mediation posterior odds can be
obtained as the product of the mediation Bayes factor and
mediation prior odds. To compute the individual Bayes fac-
tors for paths a and g, various software programs or pack-
ages (e.g., Hoijtink et al., 2019; JASP Team, 2020; Morey
et al., 2018; Nuijten et al., 2014; Wetzels & Wagenmak-
ers, 2012) have been developed and can be used.

When paths a and f are independent, the prior odds speci-
fications for path a, path f, and the mediation effect must
satisfy the following constraint

PriorOdds™ — PriorOdds® X PriorOdds®
1 + PriorOdds? + PriorOdds®

®)

where PriorOdds® and PriorOdds” denote the prior odds of
paths a and , respectively.’

With the equality constraint under the scenario that paths
a and f are independent, the mediation Bayes factor and
posterior odds can be obtained by using the Bayes factors
and prior odds of paths a and g:

(1 + PriorOdds” + PriorOdds*)BF*BF" )

BF™! = . . SN )
1 + PriorOdds? BFP + PriorOdds® BF®

5 Nuijten et al. (2014) assumed paths @ and g are independent and
specified the prior odds of path a, path f, and the mediation effect
all as 1 (i.e., PriorOdds* = PriorOdds? = PriorOdds™® = 1). Their
prior odds specification, however, does not satisfy the equality con-
straint (Eq. 8).

. med _ BF*BFP X PriorOdds®PriorOdds®
PosteriorOdds™* = - - .
1 + BFFPPriorOdds? + BF*PriorOdds®

(10
Here, we recommend researchers to specify prior odds for
BHT of mediation using one of two following ways. Which
way to use depends on the prior beliefs researchers hold
about path a, path g, and the mediation effect.

The first way is to specify the prior odds for paths @ and
separately. For example, suppose a researcher, Researcher A,
specifies the prior odds of paths a and f as both 1, indicating
the prior probability of the presence (or absence) of each
path is 0.5 based on prior knowledge. With this specification,
according to the constraint in Eq. 8, the mediation prior odds
is 1/3 (not 1 as specified in Nuijten et al., 2014), indicating
the prior probability is 0.25 for the presence of mediation
and 0.75 for the absence of mediation.

The second way is to specify prior odds for the mediation
effect and one individual path, for example, path a.® With the
equality constraint, the prior odds for path f is readily solva-
ble. For example, suppose another researcher, Researcher B,
specifies the mediation prior odds as 1 to reflect that
Researcher B is neutral on the presence and absence of media-
tion, and the prior odds of paths @ and f to be the same. With
the equali\}Lconstraint, the prior odds of the two individual

05

1-1/05
more likeb;/t; be present than to be absent in the prior beliefs.

Using either way, Eqs. 9 and 10 can then be used to
obtain the Bayes factor and posterior odds of mediation,
respectively. Note that with the independence assumption for
paths @ and g, the three conditional prior probabilities under
the null (i.e., goo|0, go1)0> and gy)o) are determined with the
specified prior odds. They are all 1/3 using Researcher A’s
prior odds specification,” suggesting that the three scenarios
of no mediation are equally likely to occur. Using Researcher
B’s prior odds specifications, under the null of no media-
tion, the scenarios where one path is present and the other
is absent are more likely (g4, and gg, o being 0.41) than the
scenario where the two paths are both absent (g being
0.17).8 Therefore, different prior odds specifications for a

paths is ~ 2.41. For each individual path (a or f), it is

6 Under the equality constraint, the prior odds specification for medi-
ation should not exceed that for an individual path.

7 With the independence assumption for paths « and p,
qooj0 = p(@ =0, § = Olaf = 0) = p(a = O)p(f = 0)/p(aff = 0) = (0.5 % 0.5)/0.75 = 1/3 N
and  similarly, gy, = p(a = 0)p(8 # 0)/p(ap = 0) = (05 % 0.5/0.75 = 1/3  and
G100 = Pl # O)p(f = 0)/p(af = 0) = (0.5 % 0.5)/0.75 = 1/3.

8 With the independence assumption for paths
a and  p, Groo = pla £ Op(p = 0)/p(af = 0) = YOUDI g g,
ot = Pla = O)p(p # 0)/placp = 0) = U=VINDS g 41, and

doop = p(@ = 0.5 = 0lap = 0) = p(a = Op(p = 0)/p(ap = 0) = I=Y0F ~ 017,
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and g have different implications of the conditional prior
probabilities of the three scenarios under the null.

Anillustrative example: The PHLAME firefighter
study

We use the example presented in Yuan & MacKinnon
(2009) and Nuijten et al. (2014), the PHLAME (Promoting
Healthy Lifestyles: Alternative Models’ Effects) firefighter
study (Elliot et al., 2007), to illustrate our BHT procedure
for the independent paths scenario. We use the prior odds
specifications of Researchers A and B to gain insights on
the sensitivity of BHT results to prior odds specifications. In
the firefighter example, the hypothesized mediation mecha-
nism (H,) is that randomized exposure to an intervention (X)
affects knowledge of the benefits of eating fruits and vegeta-
bles (M), which in turn affects reported eating of fruits and
vegetables (Y). The Bayes factors for paths & (the exposure-
mediator relation) and f (the mediator-outcome relation)
were reported in Nuijten et al. (2014) as BF* = 10.06 and
BF? = 2.68, respectively, indicating that the data are in favor
of the presence of each path.

Researcher A’s BHT results can be obtained by running
our developed R function pathb.a() as follows:

pathb.a(PriorOdds.a = 1, PriorOdds.b = 1,
BF.a = 10.06, BF.b = 2.68).

In the above R code, arguments “PriorOdds.a” and
“PriorOdds.b” read in the prior odds Researcher A speci-
fied for paths a and f, respectively. Arguments “BF.a”
and “BF.b” read in the Bayes factors of paths a and f,
respectively.

Researcher B’s BHT results can be obtained by running
R function med.a():

med.a(PriorOdds.med = 1, PriorOdds.a = sqrt(0.5)/(1 — sqrt(0.5)),

BF.a = 10.06, BF.b = 2.68).

In the above R code, arguments “PriorOdds.med” and
“PriorOdds.a” read in the prior odds Researcher B specified
for the mediation effect and path «, respectively.

The R functions and R code used in this example can be
downloaded from https://github.com/xliul2/BHT.med. The
results can also be obtained using our developed R Shiny
(RStudio, Inc 2021) web app (https://xiaoliu.shinyapps.io/
BayesianHypothesisTestingMediation/), and are displayed
in Table 2.

Comparing Tables 2a and 2b, one can see that with different
prior odds specifications, BHT of mediation yields different
results. First, although the Bayes factors of each individual
path are the same for both researchers, the mediation Bayes
factors are different. For Researcher A, the mediation Bayes
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Table2 BHT of mediation results for the PHLAME firefighter exam-
ple. The Bayes factors for paths a (the exposure-mediator relation)
and f (the mediator-outcome relation) computed by Nuijten et al.
(2014) are BF* = 10.06 and BF? = 2.68 respectively

Prior Odds Posterior Odds Posterior

Probabil-
ity

Bayes Factor

(a) Researcher A’s results with specifying the prior odds of paths
a and f as both 1. The mediation prior odds equals 1/3 due to the
equality constraint under the independent path assumption.

Path a 1.000 10.06 10.060 0.910
Path g 1.000 2.68 2.680 0.728
Mediation 0.333 5.887 1.962 0.662

as 1 and the prior odds of path a as 1/0.5/(1 — 4/0.5). The prior
odds of path g equals /0.5/(1 — due to the equality con-
straint under the independent path assumption.

(b) Researcher B’s results with specifying the mediation prior odds
«g

Path a 2414 10.06 24.287 0.960
Path g 2414 2.68 6.470 0.866
Mediation 1.000 4.948 4.948 0.832

factor is 5.887; whereas for Researcher B, the mediation Bayes
factor is 4.948.

Second, although Researcher A has a larger mediation
Bayes factor than Researcher B, Researcher A’s posterior odds
of mediation is nevertheless smaller than Researcher B’s. Spe-
cifically, for Researcher A who believes the odds in favor of
mediation is 1/3 initially, combining the data evidence with the
prior belief leads to a mediation posterior odds of 1.962, with
the posterior probability of the presence of mediation being
0.662. In comparison, for Researcher B who specifies a media-
tion prior odds of 1, the mediation posterior odds is about
4.948, indicating the posterior probability that mediation exists
given the data is 0.832. In Nuijten et al. (2014), their default
prior odds specification is that the prior odds of path @, path
f, and the mediation effect all equal 1. Using their method,
the Bayes factor and posterior odds of the mediation effect
were both computed as 1.94 for the firefighter example. As
discussed earlier, the default prior odds specification assumed
in Nuijten et al. (2014) is inconsistent with the independent
path assumption required by their method. This inconsistency
makes their BHT results difficult to interpret.

As shown in this example, although the data are the same,
the mediation Bayes factors and posterior odds change with
different prior odds specifications.

Impact of prior odds specifications: Graphical
demonstration with hypothetical data examples

In this subsection, we assess the impact of prior odds speci-
fication on the BHT of mediation via hypothetical data
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Fig. 1 Results from the Bayesian hypothesis testing (BHT) of a single
relation, the regression coefficient for path a. The prior odds of path
a were varied as PriorOdds* = 1/100,1/30,1/10,1/3,1,3,10, 30,
and 100. Given that the PriorOdds* values are not equally spaced,
we used the prior probabilities of path a being non-zero (i.e.,
pla # 0] = PriorOdds® /[1 + PriorOdds®]) as the breaks of the

examples using a variety of prior odds specifications. Each
hypothetical data set is characterized by a combination of
paths Bayes factors BF® (1/3, 1, or 3) and BF? (1/3, 1, or 3).
In total, there are 3 X 3 = 9 hypothetical data sets. The levels
of the Bayes factors are chosen to represent varied strengths
of data evidence: a Bayes factor of 1/3 indicates the data sup-
port the absence of the path, 1 means the data have no prefer-
ence for the absence or presence of the path, and 3 suggests
the data favor the presence of the path. For each hypothetical
set, we apply the proposed BHT approach with varied prior
odds specifications. The mediation Bayes factor (BF"*?) and
posterior odds (PosteriorOdds™?) are the results of interest.

First, to facilitate the comparison of the BHT for media-
tion vs. the BHT for a single relation, Fig. 1 demonstrates
how the BHT results of path a, a single regression coef-
ficient, change with varied prior odds specifications for
path a. Specifically, in the left column, the Bayes factor of
path a does not change with the prior odds of path a’; and
in the right column, the posterior odds of path @ increases
monotonically as the prior odds of path a increases. The

® Although the varied prior odds values range from 0 to 100 in the
left column of Fig. 1, this pattern holds when the prior odds of path «
is larger than 100.

x-axes. The labels for the breaks in the x-axes are the corresponding
prior odds values. The transformation from prior odds to prior prob-
ability is monotone and does not influence the increasing/decreasing
patterns of the lines. The same plotting strategy is used in Fig. 2 as
well

results in Fig. 1 are for a single coefficient, which are pre-
sented to serve as reference results.

Next, we assessed how the results from the BHT of
mediation would change with different prior odds speci-
fications of an individual path or the mediation effect.
To do so, we (1) specified the prior odds for media-
tion as PriorOdds™? = 1, and varied that for path a as
PriorOdds* = 1, 3,10, 30, and 100; or (2) fixed the prior
odds of path a as PriorOdds* = 1 and varied the mediation
prior odds as PriorOdds™? = 1/100,1/30,1/10,1/3, and
1.10

The results are demonstrated in Fig. 2. The mediation
Bayes factor does not change with different prior odds speci-
fications of an individual path or the mediation effect when
the Bayes factors for individual paths a and f are both 1.

Under the scenario of fixing the mediation prior odds to be
1 (Fig. 2a), a higher prior odds for path « can lead to higher
or lower values of the mediation Bayes factor and posterior
odds when the individual path Bayes factors are not both 1.

Under the scenario of fixing the prior odds of path a to
be 1 (Fig. 2b), the posterior odds for the mediation effect

10 Under the independent paths constraint (Eq. 8), the prior odds of
path @ must be larger than or equal to the prior odds of mediation.

@ Springer



Behavior Research Methods

e}
(0]
=
[2]

°

je)

o)
—

8
2
[0]

o}
8

o

10 100 1 10 100

3 3
PriorOdds.a PriorOdds.a

(a) Results from the BHT of mediation with varied prior odds specifications
for an individual path, path a. The prior odds of the mediation effect is fixed

at PriorOdds™® = 1.
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(b) Results from the BHT of mediation with varied prior odds specifications

for mediation. The prior odds of path « is fixed at PriorOdds® = 1.

Fig.2 The impact of prior odds specifications on the results from the
Bayesian hypothesis testing (BHT) of mediation. Each line in a sub-
plot is plotted for a hypothetical data example with a specific combi-
nation of the Bayes factors for paths a and f (the “BF.a” and “BF.b”
in the legend)

increases as the mediation prior odds increases. This is simi-
lar to the change pattern of the posterior odds for a single
relation (the right column of Fig. 1). However, when the
individual path Bayes factors are not both 1, the mediation
Bayes factor can be higher or lower as the mediation prior
odds increases, which is different from the change pattern
of the Bayes factor for a single relation (the left column of
Fig. 1).

In summary, through the hypothetical data examples,
we showed that in the BHT of mediation, both the prior
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odds of an individual path a (or §) and the prior odds of the
mediation effect can impact the results of BHT. Unlike the
BHT for a single relation (e.g., a regression coefficient), the
prior odds of the mediation effect can influence not only the
mediation posterior odds, but also the mediation Bayes fac-
tor. Based on the findings, we emphasize the importance of
prior odds specifications in the BHT of mediation. We rec-
ommend that researchers should evaluate their prior belief
about the mediation process carefully when specifying the
prior odds, and provide the prior odds specifications of the
mediation effect and of paths a and f when reporting the
results.

Scenario 2: Dependent Paths a and 8

In this section, we apply the proposed BHT approach to the
general case where paths a and f# can be dependent. We
use a latent mediation model for illustration, as it has been
shown that paths @ and f in mediation models involving
latent variables can be dependent (e.g., MacKinnon 2008;
Valente, Gonzalez, Miocevi¢, & MacKinnon 2016). We first
provide the key BHT idea and then illustrate the implemen-
tation through a simulated-data example. Technical details
are available in the supplemental material (https://github.
com/xliu12/BHT.med/blob/main/bfmed_supplement_techn
ical.pdf).
Consider the following latent mediation model:

x =A%, +6, (11)
m =A,n,, + €, (12)
y =Ay11y +e, (13)

() =(2)a= (o)) +(2) o

where &, 1, and n, are the latent independent variable, medi-
ator, and outcome variable respectively, and x, m, and y are
the corresponding indicators. In Eqs. 11-13, the measure-
ment errors 6,, €,,, and ¢, are assumed to have mean zero,
be independent of one another and of the latent variables.
In Eq. 14, the path coefficient a denotes the effect of £, on
N> the path coefficient § represents the effect of #,, on n,
conditioning on &,; and the structural residuals §, and ¢, are
assumed to have mean zero, be independent of one another
and of &, and the measurement errors. Figure 3 shows the
structural relationships among ¢&,, 7,,, and #, in the latent
mediation model.

For this model, we use the Bayesian information crite-
rion (BIC) approximation approach to obtain the mediation
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T

Fig.3 The structural relationships among the latent independent vari-
able &,, mediator 7,, and outcome variable 7, in the latent mediation
model (Eqgs. 11 to 14)

Bayes factor. For complex models such as the latent media-
tion model, the likelihoods in the Bayes factor formula
(Eq. 3) are challenging to compute (e.g., Tendeiro & Kiers
2019; Bollen, Harden, Ray, & Zavisca 2014). For example,
to compute the likelihood in the numerator, one needs to
integrate the likelihood function over the entire space of the
parameters under the alternative hypothesis. For the latent
mediation model, the parameters include both those in the
measurement model (Egs. 11-13) and those in the struc-
tural model (Eq. 14). The complexity of such integration in
latent variable models makes it challenging to obtain exact
values of the likelihoods in Eq. 3. In the BHT literature, a
frequently used approach to approximating integrated like-
lihoods is the BIC approximation (Kass & Raftery 1995;
Raftery 1995), which has been shown to be useful for obtain-
ing Bayes factors for models with latent variables (e.g., Bol-
len, Harden, Ray, & Zavisca 2014; Merkle & Wang 2016).
Approximating the Bayes factor in Eq. 3 using BIC also
makes it easy for researchers to conduct complex BHT of
mediation. Let BIC{M } denote the BIC value of model M.
The mediation Bayes factor can be approximated as

J— o~BIC{M,; :a#0,640} /2

o~BIC{My, :a=0.6=0}/2 o~BIC(My, :a=0.6#0}/2 o~BIC(M,, :a%0.6=0}/2

as)

where M,;, My;, M,,, and M, denote respectively the
unconstrained mediation model, the model where path « is
constrained at zero, the model where path f is constrained at
zero, and the model where both paths are constrained at zero.
The BIC values can be obtained from, often in the output of,
commonly used structural equation modeling software, such
as Mplus (Muthén & Muthén 2017) and the lavaan R pack-
age (Rosseel et al., 2020). The mediation posterior odds can
then be obtained following the Bayes’ rule (Eq. 1).

With Eq. 15, researchers can incorporate their prior belief
into the BHT of mediation in two ways. First, researchers

qo0)0 + 4o110 + 4100

can specify the conditional prior probabilities gog|0, Go1 0
and ¢q,¢|o for the three scenarios of no mediation under the
constraint that they sum up to 1 to obtain the mediation
Bayes factor, and specify a prior odds for the mediation
effect to obtain the mediation posterior odds following the
Bayes’ rule. For example, suppose a researcher, Researcher
C, specifies the three conditional prior probabilities under
the null hypothesis to all equal 1/3 to reflect the prior belief
that the three scenarios of no mediation are equally likely to
occur, and specifies the mediation prior odds as 1 to give the
presence and absence of mediation equal prior probabilities.
With this specification, the prior odds of paths « and g both
equal 2, implying the prior belief that for each of the two
paths, its presence is more likely than its absence.!! Fur-
thermore, the two paths are not independent: the joint prior
probability of paths a and f# being both present under this
specification is 1/2, higher than that under the independent
paths assumption, which is 4/9.'2

Second, researchers can specify prior odds for the two
paths and the mediation effect under the inequality con-
straint that the mediation prior odds must not exceed the
prior odds of any path. Then, the conditional prior prob-
abilities gog|o» 9o110> and ¢ for the three scenarios of no
mediation are readily obtainable.'? Equation 15 and the
Bayes’ rule (Eq. 1) can then be used to obtain the mediation
Bayes factor and posterior odds, respectively. In particular,
for the default prior odds specification assumed in Nuijten
et al. (2014) (i.e., the prior odds of path a, path f, and the
mediation effect all equal 1), gy, 10 = g010 = 0 and gggp = 1.
That is, the scenarios where one path is present and the other
is absent are not allowed to occur a priori; and the only pos-
sible scenario under H) is that the two paths are both absent.
While this specification does not meet the independent paths
constraint, it can occur in the dependent paths scenario.

To illustrate the BHT of mediation in the dependent paths
scenario, we simulated a sample of size n = 100 from the
latent mediation model (Eqgs. 11-14) with the path coeffi-
cientsa = 0, f = .39 and ' = 0. That is, the null hypothesis
of no mediation is true in the data generation. The latent
input variable, mediator, and outcome are each measured

! This can be seen by computing the prior probabilities of the mod-
els M, M,;, M,,, and M, which are
pu = pla # 0,8 # 0) = PriorOdds™ /(1 + PriorOdds™) = 1/2 ,
Po1 = = p11)qo1p0 = 1/6, Pio =0 =pi)gi0 = 1/6 and
Poo = (1 = p11)qpo0 = 1/6, respectively. Thus, the prior probabilities
of paths a and B are p#0)=py +pi =2/3.p0 %0 =y, +po =2/3, TESPEC-

tively. The prior odds of the two paths are thus
PriorOdds* = PriorOdds’ = 27 = 2.

12 See the supplemental material for technical details.
13" See the supplemental material for technical details.

@ Springer



Behavior Research Methods

by three indicators with loadings 0.9, 0.8, and 0.7; and the
variances of the indicators and latent variables are set as 1.

For the simulated sample, we obtained the BIC values
of the unconstrained mediation model (BIC{M,, } = 2157),
the model where path a is constrained at zero
(BIC{M,,, } = 2153), the model where path f is constrained
at zero (BIC{M,,} = 2160), and the model where both paths
are constrained at zero (BIC{M,,} ~ 2155) using the lavaan
package (Rosseel et al., 2020) in R.

The BHT results of the simulated data using Researcher
C’s prior specifications can be obtained by running our
developed R function med.gs()as follows:

med.qs(PriorOdds.med = 1,H0.q10 = 1/3,H0.q01 = 1/3, H0.q00 = 1/3,

BIC11 = 2157, BICO1 = 2153, BIC10 = 2160, BICO0 = 2155).

In the above R code, argument “PriorOdds.med” reads in
the prior odds specified for the mediation effect. Arguments
“HO0.q10”, “H0.q01”, and “H0.q00” read in the specified
values of g,¢,0, go110- and gy (the conditional prior prob-
abilities of the three scenarios of no mediation under the
null hypothesis), respectively. Note that the three specified
values need to sum up to 1. Arguments “BIC11”, “BIC01”,
“BIC10”, and “BIC00” read in the BIC values of the uncon-
strained mediation model, the model where path a is con-
strained at zero, the model where path f is constrained at
zero, and the model where both paths are constrained at zero,
respectively.

The BHT results of specifying the prior odds of the two
paths and the mediation effect to all equal 1 can be obtained
by running our developed R function med.ab() :

med.ab(PriorOdds.med = 1, PriorOdds.a = 1, PriorOdds.b = 1,
BIC11 = 2157,BICO1 = 2153, BIC10 = 2160, BICO0 = 2155).

In the above R code, arguments “PriorOdds.med”,
“PriorOdds.a”, and “PriorOdds.b” read in the specified prior
odds for the mediation effect, path a, and path f, respec-
tively. Note that these prior odds are all 1, which are the
default prior odds in Nuijten et al. (2014) and can be used
when paths a and f are dependent.

The results are displayed in Table 3. The R functions
and R code used in this example can be downloaded from
https://github.com/xliul12/BHT.med. The results can also be
obtained using our developed R Shiny (RStudio, Inc, 2021)
web app (https://xiaoliu.shinyapps.io/BayesianHypothesisTe
stingMediation/).'*

In Table 3a, the mediation Bayes Factor is 0.216, indicat-
ing that the likelihood of observing the data is approximately
5 times as large if mediation is absent than if mediation is
present. Given the evidence in the data, the odds between
the presence and absence of mediation is lowered from 1 to
about 0.216, with the posterior probability of the presence
of mediation being 0.178.

@ Springer

Table3 BHT of mediation results for the simulated-data example.
The data (n = 100) were simulated from the latent mediation model
(Egs. 11-14) with @ = 0, # = .39 and 7’ = 0. The BIC values of mod-
els M, My,, M,,, and My, are 2157, 2153, 2160 and 2155, respec-
tively

Posterior
Probability

Prior Odds Bayes Factor Posterior
Odds

(a) Results with prior odds specifications as
Qo0j0 = dorjo = G10j0 = 1/3 and PriorOdds™ = 1. With these
specifications, PriorOdds® = PriorOdds® = 2.

Path a 2.000 0.124 0.248 0.199
Path b 2.000 1.668 3.335 0.769
Mediation 1.000 0.216 0.216 0.178

(b) Results with prior odds specifications as
PriorOdds® = PriorOdds® = PriorOdds™? = 1. With these speci-
fications, gy;19 = g190 = 0 and ggg)9 = 1.

Path a 1.000 0.282 0.282 0.220
Path b 1.000 0.282 0.282 0.220
Mediation 1.000 0.282 0.282 0.220

In Table 3b, the Bayes Factor and posterior odds for the
mediation effect are 0.282 and 0.220, respectively, which are
the same as those for either individual path (a or #). This
makes sense given the specified prior odds. Specifically, by
specifying the same prior odds for the two paths and media-
tion, the BHT for either individual path and the BHT for the
mediation effect are comparing the same two models: the
model where the two paths are both present vs. the model
where they are both absent, because the models where one
path is present and the other path is absent are impossible to
be true given the prior odds specifications.

Discussion

Mediation analysis plays an important role in theory devel-
opment and testing in many research fields. To test media-
tion, many frequentist methods have been proposed and
evaluated. Despite the growing popularity of applying
Bayesian methods to estimating mediation effects, Bayesian
approaches to testing mediation effects are under-developed
and under-evaluated. In this article, we studied the use of

!4 In Table 3a, the prior odds, Bayes factors and posterior odds of
the paths a and f are computed by first computing the prior prob-
abilities of the models M;;, M, M,,, and M, as
pu1 = PriorOdds™® /(1 + PriorOdds™), poy = (1 = pi1)dqo1j0, Pro = (1 = pi1)g100 and
poo = (1= py1)qe00> Tespectively. Then the prior odds, Bayes factor,
and posterior odds for a path, for example, path @ are computed
PIL_ o-BIC(M ia#0,6£0)/2 4 P10 ,=BIC(Mjq :a#0,/=0}/2
A8 PriorOdds* = 2uttn,  BFt n Lo T and
Por+Poo P01 P00

P01 ,~BIC(Moy :a=0.201/2 1. I’Tr - BICIMgg :a=0.=01/2
700

Tormg
PosteriorOdds® = PriorOdds® BF® s P 002 e MO0 0702, pespectively.

oy e BICoy 0520172 L TBIC Mg 1 =0.5=01/2
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BHT for mediation testing. Our study can add to the litera-
ture in the following ways.

First, we proposed a general approach to performing BHT
of mediation (i.e., obtaining mediation Bayes factor and pos-
terior odds). Our approach is applicable to different research
contexts and can facilitate the integration of data evidence and
researchers’ prior beliefs. Specifically, the proposed approach
can be applied to testing mediation effects in both the inde-
pendent and dependent paths scenarios. For the independent
paths scenario, we provided two ways to specify prior odds (for
the two paths a and f; or for one path and the mediation effect)
for implementing the proposed approach, and demonstrated
the implementation with the simple mediation model. For the
dependent paths scenario, we considered the latent mediation
model and implemented the proposed approach with two ways
of prior odds/probability specification (specify the mediation
prior odds and the conditional prior probabilities under Hy;
specify the mediation prior odds and two path prior odds).
Both R functions (fun_BHTmed.R) and an R web app (Bayes
ianHypothesisTestingMediation) were developed for imple-
menting the techniques presented in the two scenarios, and
can be downloaded from https://github.com/xliul2/BHT.med.

Second, we evaluated the sensitivity of BHT of mediation
to the prior odds specification. Specifically, through nine
hypothetical data examples in the independent paths sce-
nario, we demonstrated that the prior odds of an individual
path and the prior odds of the mediation effect can both
change the mediation Bayes factor and posterior odds. In
particular, we found that the mediation Bayes factor can be
influenced by the mediation prior odds, which is unlike the
Bayes factor for a single relation (e.g., a regression coeffi-
cient). We hope our demonstration can provide insights on
the prior odds specification in BHT of mediation.

Recommendations

Based on the findings, we recommend researchers to pay
attention to specifying the prior odds/probabilities for BHT
of mediation. The specification should be based on their
prior knowledge about the mediation process. When there is
no prior knowledge available, in the scenario of independent
paths a researcher may consider specifying a prior odds of 1
for each path (i.e., PriorOdds® = PriorOdds” = 1) to reflect
that the researcher is “in a state of genuine uncertainty”
(Freedman 1987, p. 141) regarding the presence or absence
of each path. Note that with this specification, the prior odds
in favor of mediation is 1/3. That is, the researcher is con-
servative about mediation being present.

When the two paths are dependent, a researcher might
consider specifying the prior odds of mediation as 1
(i.e., PriorOdds™? = 1), so as to be neutral about the
null and alternative mediation hypotheses to be tested.
If a researcher has no prior knowledge about which of

the three scenarios under the null hypothesis are more/
less likely to occur, the researcher may consider speci-
fying the three conditional prior probabilities to be all
equal 1/3 (i.e., qooj0 = qo1j0 = G100 = 1/3). Note that
with this specification, the prior odds of each path is 2
(i.e., PriorOdds® = PriorOdds® = 2). In other words, the
researcher believes that each path is more likely to be present
than be absent a priori.

Furthermore, we recommend researchers to conduct sen-
sitivity analysis to examine how the mediation Bayes factor
and posterior odds would change with a list of reasonable
prior odds/probabilities specifications. If the results are rel-
atively stable, the researcher may corroborate his/her pos-
terior belief about the presence vs. absence of mediation.
Nonetheless, we suggest that the researcher should report
the results from sensitivity analysis and provide a rationale
for the chosen prior odds/probability specification.

Last but not least, we echo previous literature (e.g., Ten-
deiro & Kiers 2019) and recommend that researchers should
report both the Bayes factor and posterior odds of media-
tion, and should distinguish between their interpretations.
Specifically, the mediation Bayes factor quantifies the rela-
tive likelihood of observing the data if mediation is present
vs. if mediation is absent; whereas the mediation posterior
odds measures the relative posterior probability of the pres-
ence vs. absence of mediation given the observed data. We
also recommend researchers to provide the Bayes factors of
the two paths when the paths are independent, or the BIC
values of the four models (i.e., models M, |, M,,;, M,,, and
M,,,) when the paths can be dependent. With the informa-
tion, readers can evaluate the Bayes factor and posterior odds
of mediation based on their own prior beliefs.

Limitations and future directions

The current study can be extended in the future. First,
although the ability to provide a continuous measure of the
relative data evidence and posterior probabilities is argued to
be an advantage of the proposed BHT approach, in practice,
researchers may be interested in making a binary decision on
the presence of mediation. In the NHST framework, a binary
decision of rejecting or not rejecting the null is often made
by comparing the p-value to a nominal Type I error rate (e.g.,
0.05). While formal BHT has no concept of Type I errors,
such a binary decision can be made by comparing Bayes fac-
tors with a certain cutoff value. For testing a single relation
(e.g., aregression coefficient), commonly used Bayes factor
cutoffs include the evidence categories proposed by Jeffreys
(1961) and Kass & Raftery (1995), and the cutoff value 3
for Bayes factors is often used as the counterpart of the cut-
off 0.05 for p-values (Hoijtink et al., 2019; Kelter, 2020).
However, the Bayes factor cutoffs for testing a single rela-
tion may not be suitable for mediation testing, especially
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considering the impact of prior odds specifications on the
mediation Bayes factor. It is our important future direction
to examine what cutoffs for the mediation Bayes factor can
be used to maintain certain nominal Type I error rates (e.g.,
0.05) given a set of prior odds specifications.

Furthermore, with the determined cutoff values, it is of
interest to examine the performance of the proposed BHT in
terms of statistical power, and compare the BHT approach
with other mediation testing methods such as the frequen-
tist tests (e.g., MacKinnon, Lockwood, Hoffman, West, &
Sheets 2002) and the posterior credible interval approach
(e.g., Yuan & MacKinnon 2009). In addition, previous stud-
ies have found the power stagnation issue associated with
frequentist tests of mediation (e.g., Fritz, Taylor, & MacKin-
non 2012).!> We are interested in investigating whether the
BHT approach also has the power stagnation issue.

Second, in complex mediation analyses, there could be mul-
tiple purported mediators and researchers may be interested
in testing the total mediation effects (e.g., Selig & Preacher
2009), or in testing contrasts between two or more mediation
effects (e.g., MacKinnon 2000). How to extend the proposed
BHT approach to testing more complex mediation hypotheses
in multiple mediator models is a worthwhile future direction.

Third, in addition to testing a point null hypothesis, BHT
methods for testing interval null hypotheses (e.g., Morey &
Rouder 2011) and for testing informative hypotheses (e.g.,
Hoijtink, Klugkist, & Boelen 2008) have been proposed. It
is of interest to explore the feasibility and adaptation of these
methods for mediation analysis.

Fourth, in the literature of BHT, it has been shown that
the Bayes factor can be sensitive to the within-model prior
distributions (e.g., Du, Edwards, & Zhang 2019; Liu & Ait-
kin 2008; Tendeiro & Kiers 2019). It is an important future
direction to examine how the mediation Bayes factor and
posterior odds would change with the within-model prior
distributions, given a prior odds/probability specification.

Fifth, BHT has been shown to be useful for sequential
data analysis (e.g., Hoijtink, Mulder, van Lissa, & Gu 2019;
Rouder 2014). We are interested in utilizing the proposed
BHT to develop sequential data analysis procedures for
mediation studies.

Conclusion
We hope the current study can contribute a useful BHT
approach to researchers’ toolbox of mediation analysis and

provide insights on the impact of prior odds specifications
in the BHT of mediation.

15 That is, as the magnitude of path a increases, there can be a stag-
nation or reduction in power of testing mediation.
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