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for deciding among the approaches.
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Introduction
Mediating variables are used throughout the behavioral

and social sciences to help explain and better understand

the relationship between an outcome and a predictor. Me-

diating variables are intervening variables that transmit

the effects of a predictor (X) to an outcome variable (Y ).
A mediating variable (M ) may account for the majority of
the relationship between X and Y , or may only partially
account for the relationship betweenX and Y . Typically, a
path diagram is used to depict mediation, as demonstrated

in Figure 1. The indirect effect is represented by the prod-

uct of paths bMX (regression slope obtained from regress-

ing M on X , often referred to as path a) and bYM.X (re-

gression slope for M when regressing Y on both M and

X , often referred to as path b), and the total effect ofX on
Y is represented by path bY X (often referred to as path c).
Further, the direct effect of X on Y , controlling forM , is
represented by path bY X.M (often referred to as path c

′
).

The number of studies investigating mediation hy-

potheses has increased steadily over the past couple

decades, with many ‘how to’ papers appearing in jour-

nals from many different substantive areas (e.g. Baron &

Kenny, 1986; Cappelleri & Bushmakin, 2014; Caro, 2015;

Frazier, Tix, & Barron, 2004; Holmbeck, 2002; Judd &

Kenny, 1981; Keele, Tingley, & Yamamoto, 2015; Lachow-

icz, Preacher, & Kelley, 2018; Namazi & Namazi, 2016;

Preacher & Hayes, 2008). Mediating variables are impor-

tant because once a relationship between two variables

has been established, researchers often consider the role

of a third variable in this relationship (Lazarsfeld, 1955;

MacKinnon, Krull, & Lockwood, 2000). There is a wide

range of studies assessing whether a mediator can explain

the causal relationship among two variables. For example,

Ritt-Olson et al. (2005) examined whether peer influence

(mediator variable) was responsible for the relationship

between smoking and depression in adolescents. The re-

searchers concluded that the relationship between smok-

ing and depression was fully mediated by peer approval.

In another study, Hadlandsmyth and Vowles (2009) exam-

ined whether the relationship between fatigue and psy-

chosocial disability was mediated by depression. The au-

thors concluded that depression fully mediated the rela-

tionship between fatigue and psychosocial disability. Sella,
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Figure 1 Baron and Kenny’s (1986) representation of a three-variable mediation model. In Model A, bY X represents
the total effect of Y on X . In Model B, bMX represents the effect of X onM , bYM.X represents the effect ofM on Y ,
controlling forX , and bY X.M represents the direct effect ofX on Y controlling forM .

Sader, Lolliot, and Cohen Kadosh (2016) evaluatedwhether

the relationship between basic numerical skills and math-

ematical expertise is fully mediated by advanced numer-

ical skills. As a final example, Kukihara et al. (2020) ex-

plored whether resilience fully mediated the relationship

between exercise/mindfulness group and psychiatric dis-

orders. In each of these examples, the author evaluated

whether the mediator fully accounted for the relationship

between the predictor and the outcome.

Full (sometimes called ‘complete’ or ‘perfect’) media-

tion occurs when the relationship between X and Y is

completely accounted for byM . In other words,M is en-

tirely responsible for the relationship between X and Y .
Accordingly, in full mediation, the relationship betweenX
and Y disappears completely when M is controlled. In

contrast, partial mediation occurs when the relationship

between X and Y is reduced, but is still present whenM
is controlled. In other words, the relationship between X
and Y is only partly accounted for byM .
For good reason, the concept of full mediation has been

challenged in recent years with researchers recommend-

ing that the focus be on the strength of the indirect ef-

fect rather than on whether a variable fully or partially

explains the relationship between X and Y (see Hayes,

2009; Rucker, Preacher, Tormala, & Petty, 2011). Specifi-

cally, since full/complete mediation is almost always an un-

realistic goal of researchers assessing mediation, and that

it is unlikely that there is zero mediation in these cases,

it is assumed that almost all assessments of mediation are

partial mediation cases to some degree. Accordingly, this

renders the full and partial distinction ineffective.

Researchers who are interested in testing whether a

mediator explains themajority of the relationship between

a predictor and an outcome (rather than explaining all of

the variability in the relationship between a predictor and

outcome) require a procedure for evaluating this hypothe-

sis. Therefore, the purpose of this study is to discuss a test

of mediation that will evaluate whether a particular medi-

ator accounts for a substantial proportion of the relation-

ship betweenX and Y . In other words, the procedure out-
lined in this paper distinguishes between minimal/moder-

ate levels of mediation and the detection of substantial me-

diation (as opposed to the less useful distinction between

full and partial mediation). What constitutes substantial

The Quantitative Methods for Psychology 4252

https://www.tqmp.org
https://crossmark.crossref.org/dialog/?doi=10.20982/tqmp.16.4.p424


¦ 2020 Vol. 16 no. 4

mediation will be described below.

Our goal is to provide researchers in the behavioral

and social sciences with a method that can be used to eval-

uate whether a third variable explains a substantial por-

tion of the shared variability between a predictor and out-

come. First, we will review traditional methods for assess-

ing mediation. Second, we will introduce the concept of

equivalence testing (the theoretical foundation on which

the test of substantial mediation is built). Third, we will de-

scribe the proposed test of substantial mediation. Fourth,

we will describe a (fictitious) illustrative example to guide

researchers through the process of utilizing the novel me-

diation test (compared to traditional approaches). Fifth,

we present a simulation study that evaluates the statistical

properties of each of the methods described in the paper.

Traditional Methods for Assessing Full Mediation
Baron and Kenny (BK) approach. Statistical methods for
analyzing mediation are widely discussed in psychology.

One of the most popular methods for analyzing mediation

was proposed by Judd and Kenny (1981) and Baron and

Kenny (1986). Baron and Kenny (1986) suggested that as-

sessment of mediation should be done in a series of steps:

1) Demonstrate that Y can be predicted byX (i.e., estimate
and test path bY X/c). This step establishes that there is an
effect to be mediated; 2) Demonstrate that M can be pre-

dicted byX (i.e., estimate and test path bMX/a); 3) Demon-

strate that Y can be predicted fromM , when both X and

M are predictors in the same regression model (i.e., esti-

mate and test path bYM.X/b); and 4) To establish that M
fully mediates the X-Y relationship, the effect of X on

Y , controlling for M , should be zero (i.e., path bY X.M/c′

should be zero), whereas to establish thatM partially me-

diates the X-Y relationship, the effect of X on Y should
be reduced (relative to the simple regression of Y on X).
It is important to highlight here that full mediation is often

concluded if steps 1 through 3 are satisfied, and if the test of

H0: b
∗
Y X.M = 0 (b∗ represents the population slope) is not

rejected (Rucker et al., 2011). However, it is well known

that nonrejection of a null hypothesis cannot be used to

support the null as the true effect (as will be explained in

detail when we introduce equivalence testing).

Structural equation modeling (SEM) approach. James
and Brett (1984) recommend the use of structural equa-

tion modeling for testing hypotheses of mediation. Unlike

regression approaches, SEM uses a maximum likelihood

estimator (compared to least squares in regression) and

tests a wider range of models. The differences between

the two approaches have been contended (e.g. Hayes, Mon-

toya, & Rockwood, 2017; Pek & Hoyle, 2016). James and

Brett (1984), and James, Mulaik, and Brett (2006) argue for

the use of a full mediation model as the underlying model

for assessing mediation (see Figure 2), as there is no re-

quirement that X and Y are related a priori. Thus, this
model does not test for the existence of a direct effect of

X on Y , and instead focuses on the indirect effect being
tested. Mediation is established if both the paths fromX to
M , and fromM to Y , are nonzero, and if the model fits the
data using a goodness of fit test (e.g., likelihood ratio test).

As there is only one degree of freedom in the full mediation

model, the goodness of fit test assesses whether the direct

effect fromX to Y is zero. As with the BK method, it is im-
portant to note that full mediation is typically said to exist

if the paths fromX toM , and fromM to Y , are statistically
significant and if the test ofH0: b

∗
Y X.M = 0 is not rejected

(which in this case results from a nonsignificant likelihood

ratio χ2
test). If a researcher is instead interested in testing

a partial mediation model, a direct effect fromX to Y can
be included to evaluate whetherM partially mediates the

relationship betweenX and Y . For partial mediation to be
established, all paths in the model (Y on X , Y onM , and
M onX) should be nonzero.
Iacobucci, Saldanha, and Deng (2007) conducted simu-

lation studies comparing the BK and SEMmethods for test-

ing mediation. They found that across all sample sizes (in-

cluding sample sizes as small as 30) and across different

degrees of mediation, that the SEM approach was slightly

superior to the Baron and Kenny regression method for

correctly detecting mediation. These authors argue that

the SEM approach should always be employed when test-

ing hypotheses of mediation because of the parsimony of

fitting a single model which estimates all the parameters

in the model simultaneously.

When assessing mediation via BK or SEM, researchers

sometimes supplement the results of a BK or SEMapproach

with a statistical test of the significance of the indirect

effect of X on Y through M (i.e., test the significance

of bMXbYM.X ). Current recommendations suggest that

the test of the indirect effect should be the only test con-

ducted, not merely a supplement (see Hayes, 2009; Hayes

et al., 2017). This test was traditionally done using a test

proposed by Sobel (1982, 1986), although more recently,

the statistical significance of the indirect effect is assessed

using more robust techniques, such as percentile boot-

strapped confidence intervals (Fritz, Taylor, & MacKinnon,

2012; MacKinnon, Lockwood, Hoffman, West, & Sheets,

2002; Preacher & Hayes, 2004).

Problems with Assessing “Full”Mediation
One important limitation of the way in which full medi-

ation is assessed with the BK and SEM approaches is the

use of a nonsignificant test statistic as the primary criteria

for declaring full mediation. In the BK approach, a lack

of statistical significance ofX as a predictor of Y , control-
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Figure 2 SEM representation of a three-variable mediation model, which uses the full mediation model as the default

model. In this model, bMX represents the effect ofX onM , and bYM represents the effect ofM on Y .

ling for M (after finding statistically significant relation-

ships in the first three steps of the BK approach), is often

used to establish full mediation. With the SEM approach,

a lack of statistical significance of a goodness of fit statistic

(e.g., the maximum likelihood based chi-square test, which

is the default goodness of fit test for most SEM software) is

often used to establish full mediation (this is theoretically,

but not statistically, the same test that is conducted with

the BK approach, namely a test of the lack of statistical sig-

nificance of the direct relationship from X to Y , whenM
is also a predictor of Y ). There are (at least) two problems
with this approach: 1) not rejecting the null hypothesis of

a lack of a direct effect fromX to Y does not establish that
the relationship betweenX and Y is zero; and 2) power for
detecting full mediation (i.e., not rejecting the null hypoth-

esis of a lack of a direct effect fromX to Y ) is backwards; in
other words, power is increased by reducing, rather than

increasing, sample size (Rucker et al., 2011).

Shrout and Bolger (2002) also discuss the limitations of

establishing full mediation via null hypothesis testing, and

subsequently discuss the use of confidence intervals and

an estimate of the proportion of the total variability that

is mediated as alternatives to using the lack of statistical

significance of the direct effect as evidence of mediation.

Although this approach is beneficial in that it attempts

to move the discussion away from the full versus partial

mediation distinction when assessing the potential impor-

tance of a single mediator, this does not provide psycho-

logical researchers with a valid test of whether a mediator

explains a substantial proportion of the variability in the

relationship between a predictor and an outcome. Another

alternative proposed by Kenny (2020) asserts that full me-

diation can be concluded if
bmxbym.x

byx
> .80 and |βyx| > .2,

where β represents the standardized coefficient (i.e., the
regression coefficient if all variables are standardized a

priori). The advantage of this approach is that it is not

based on traditional null hypothesis testing, and, since the

cutoff for the proportion mediated is less than 1, it is not

a test of full mediation (and is actually more related to the

test of substantial mediation proposed in this paper). How-

ever, to the best of our knowledge, this approach has not

been evaluated. Also see Preacher and Kelley (2011) for a

discussion of the issues with estimating the proportion me-

diated. This approach is referred to below as the Kmethod.

Novel Approach for Assessing Substantial Mediation
In order to motivate a novel approach to assessing medi-

ation, it is helpful to look at the BK and SEM approaches

to assessing full mediation from a slightly different per-

spective. A test of whether the direct effect from X to Y
is zero is comparable to asking whether the regression co-

efficient for predicting Y from X (i.e., bY X ) is equal to a
coefficient reproduced by the indirect effect (bMXbYM.X ).

If bY X = bMXbYM.X then all of the XY relationship is
mediated (i.e., the indirect effect ofX on Y throughM ex-

plains the observed relationship between X and Y ). This
hypothesis could be tested using a statistical test of the dif-

ference between regression coefficients (e.g. Steiger, 1980;

MacKinnon et al., 2002), which is an alternativemethod for

assessing full mediation that has been outlined in James et

al. (2006). However, this approach shares the same disad-

vantage of the BK and SEM approaches to assessing media-

tion discussed above, namely that full mediation would be

demonstrated if the test of the difference between regres-

sion coefficients was not statistically significant.

A novel test of mediation can be established by find-

ing an appropriate way to determine the ‘equivalence’ of

bY X and bMXbYM.X or, equivalently, that bY X.M is neg-

ligible. By incorporating equivalence testing, a researcher

could move away from looking at full mediation and in-

stead focus on whether a particular mediator accounts for

the majority of the variability in the relationship between

X and Y (i.e., substantial mediation).

Equivalence Testing
The backbone to this proposed approach is the framework

of equivalence testing, which statistically tests for a neg-

ligible relationship among variables. This approach was

popularized in biopharmaceutical research where the goal

was to demonstrate the bioequivalence of drugs, but was

introduced to the behavioral and social sciences literature

through influential articles by Rogers, Howard, and Vessey

(1993), Seaman and Serlin (1998), Tryon (2001), and others.

Suppose that a researcher is interested in demonstrating
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that two population means are equivalent on an outcome.

Unlike traditional difference-based tests, the goal of equiv-

alence testing is to show that the difference between the

means of the two populations is too small to be considered

meaningful. In other words, researchers do not need to

show that the means are ‘identical’ (as with the traditional

point null hypothesis, H0: µ1 = µ2), but only that any dif-

ferences between the means are inconsequential.

Several tests have been designed to evaluate the equiv-

alence of two population means, with Schuirmann’s (1987)

two-one-sided tests (TOST) of equivalence being one of the

most popular. The first step with Schuirmann’s TOST of

equivalence is to establish a critical mean difference (or

equivalence interval) for declaring two population param-

eters (e.g., means, regression parameters) equivalent (−δ,
δ). Any mean difference that falls within the equivalence
interval would be considered meaningless within the con-

text of the study. Two simultaneous one-sided hypothesis

tests can be used to establish equivalence, where the null

hypothesis relates to the non-equivalence of the population

means and can be expressed as two separate composite hy-

potheses. This is equivalent to determining if the (1−2α)%
confidence interval for the parameter is contained com-

pletely within the user-specified equivalence interval. For

example, if we are evaluating the equivalence of two pop-

ulation means, we can represent the hypotheses as H01:

µ1 − µ2 ≥ δ and H02: µ1 − µ2 ≤ −δ. Rejection of H01

implies that µ1 − µ2 < δ, and rejection of H02 implies

that µ1 − µ2 > −δ. Further, rejection of both hypothe-
ses implies that the difference in the means falls within

the bounds from−δ to δ and the means can be considered
equivalent.

The choice of an equivalence interval will vary greatly

based upon the nature of the study. Although both Rogers

et al. (1993) and Cohen (1988) provide possibilities for δ
(e.g., 20% difference between two means, lower bound of

the cutoff for a small standardized effect size, such as a

d = 0.2 or r = 0.1), they discouraged researchers from
using them as strict guidelines as the specification of δ de-
pends heavily upon the substantive research question.

Equivalence Test of Substantial Mediation (ESM)
Earlier papers on equivalence testing focused on estab-

lishing the equivalence of means (e.g. Cribbie, Gruman,

& Arpin-Cribbie, 2004; Rogers et al., 1993; Seaman & Ser-

lin, 1998; Tryon, 2001), although more recent research has

extended the approach to assessing a lack of association

among variables (e.g. Goertzen & Cribbie, 2010), a lack of

interaction (Cribbie, Ragoonanan, & Counsell, 2016), etc.

(seeWellek, 2010, for an extensive coverage of equivalence

testing). Borrowing from the logic of lack of association

tests, we propose an equivalence test for the direct effect

to assess substantial mediation. Substantial mediation test-

ing is an equivalence-testing based procedure that evalu-

ates whether a variable is able to explain a considerable

(i.e., substantial) proportion of the variability in the rela-

tionship between a predictor and an outcome. It is im-

portant to point out that this is distinct from assessing the

statistical significance of the indirect effect, where the fo-

cus is only on the indirect effect (and no interest is paid

to the distribution of variability across the indirect and di-

rect effects). With the proposed method, we can estimate

the equivalence of bY X and bMXbYM.X from the direct ef-

fect ofX upon Y , bY X.M (Preacher & Kelley, 2011). As dis-
cussed above, this can be evaluated by demonstrating that

the (1 − 2α)% confidence interval for bY X.M falls within

the equivalence interval from−δ to δ, where δ represents a
pre-specified difference between the coefficients bY X and
bMXbYM.X (or equivalently the magnitude of bY X.M ) that
would be consideredmeaningless within the framework of

the study.

What magnitude of the direct effect is considered

‘meaningless’ depends highly on the nature of the study

and could be framed in different metrics. Like an interpre-

tation of an effect size, this choice of an effect will depend

on the context of the study, the measures used, and what

is pertinent to the research question. For example, one re-

searcher may decide that a raw direct effect of less than

.1 would be considered inconsequential, whereas another

researcher may find that 20% of the standard error might

be appropriate. Another option is to standardize the vari-

ables and then frame the question in terms of what stan-

dardized regression coefficient is meaningful. What is im-

portant to note is that increasing the size of δ will increase
power. However that power increase comes at the cost of

declaring equivalence via a larger interval. Another way

to put this is that with a large enough interval any confi-

dence interval around the direct effect could be declared

equivalent; however, there would be little confidence that

the effect is actually negligible.

Following Schuirmann’s (1987) TOST approach, the null

and alternate hypotheses for this test areH01: b
∗
Y X.M ≥ δ

| H11: b
∗
Y X.M< δ and H02: b

∗
Y X.M ≤ −δ | H12: b

∗
Y X.M

> - δ. Rejection of H01 implies that the direct effect is

less than δ and rejection of H02 implies that the direct ef-

fect is greater than −δ. Rejection of both null hypothe-
ses implies that the direct effect falls within the interval

(−δ, δ). Rejection of both hypotheses is required in or-
der to establish equivalence, and infer that the mediator

explains a substantial proportion of the variability in the

outcome. Again, this is equivalent to demonstrating that

the 100(1 − 2α)% confidence interval for the direct effect
falls completely within the equivalence interval. An im-

portant requirement of the procedure is that |βY X | > 0 or
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|βMXβYM.X | > 0; in other words, if the total effect and
indirect effect are near zero, then it would not make sense

to conclude that the indirect effect accounts for a substan-

tial proportion of the total effect. Although what magni-

tude of effect is required will depend on the context of the

study, we suggest that |βY X | > .15 or |βMXβYM.X | > .15
as possibilities, and thus we propose two versions of the

procedure. For the ESMtot, substantial mediation is con-

cluded if βY X > .15 and the 1 − 2α percentile bootstrap
confidence interval for βY X.M falls completely within the

equivalence interval, and for theESMind, substantial me-

diation is concluded if βMXβYM.X > .15 and the 1 − 2α
percentile bootstrap confidence interval for βY X.M falls

completely within the equivalence interval.

Illustrative Example
To illustrate the use of the ESM and alternative methods,

we use simulated data based on the research hypothesis of

Hadlandsmyth and Vowles (2009). Specifically, our interest

was in whether the relationship between fatigue (X) and
psychosocial disability (Y ) was substantially mediated by
depression (M ). The data, N = 900, very closely matched
the correlation structure of the original data. The code for

the illustrative example is available at https://osf.io/75a3x/.

Before demonstrating the procedures described above,

it is informative to also look at the effect sizes associated

with this effect. Thus, before we present detailed results

of the different mediation approaches, we use upsilon (υ̂)
and adjusted upsilon (υ̃) as effect size measures which are
equivalent to the squared completely standardized indi-

rect effect (Lachowicz et al., 2018). We also use the propor-

tion of the total effect which is mediated (
bmxbym.x

byx
) which

describes the proportion of the total effect of fatigue on

psychosocial disability which is mediated by depression.

All of these measures are available in the MBESS package

in R (Kelley, 2007). Accordingly, the squared completely

standardized indirect effect is υ̂ = 6.57%, 95% CI [4.66%,
8.87%] or υ̃ = 6.52%, 95% CI [4.61%, 8.82%]. The propor-
tion of the total effect mediated is 66.42%.

For the BK approach, we followed the traditional pro-

cedure outlined above that involves running three regres-

sion models, the first regressing Y on X , the second re-
gressingM onX , and the third regressing Y onM andX .
For the SEM approach we utilized the model in Figure 2,

regressing Y onM , andM onX .
For the ESM and K approaches we used the R function

esm (available at https://osf.io/75a3x/), where we specified
the standardized solution and a smallest meaningful stan-

dardized coefficient of .2; in other words, for the ESM pro-

cedures, we would declare that substantial mediation has

occurred if the standardized coefficient for the direct ef-

fect of fatigue on psychosocial disability falls within the in-

terval {−.20, .20} and the other conditions are met. This
would indicate that a substantial proportion of the rela-

tionship between fatigue and psychosocial disability can

be explained by depression. For the ESMtot, substantial

mediation is concluded if |βY X | > .15 and the 1− 2α per-
centile bootstrap confidence interval (in this case α = .05,
so the 90% confidence interval) for βY X.M falls completely
within the equivalence interval {−.20, .20}.
In this example, βY X = .386 (p < .001), βMX = .409

(p < .001), βYM.X = .627 (p < .001), βY X.M = .129
(p < .001), and the 90% percentile bootstrap confidence
interval for βY X.M is {.090, .179}. Thus, following the

steps for the BK, we cannot conclude full mediation be-

cause even though the βY X , βMX , and βYM.X paths are

significant, the βY X.M path is also significant. The same

conclusion is found for the SEM approach, where although

the βYM and βMX paths are significant, the χ
2
statistic is

also significant [χ2
(1 df) = 23.735, p < .001] indicating that

βY X.M is nonnull.
For the ESM approach, |βY X | > .15 and the 90%

confidence interval for βY X.M falls completely within the

equivalence interval, and thus the necessary conditions

are met and we can conclude that depression substantially

mediates the relationship between fatigue and psychoso-

cial disability.

For the K procedure, we can conclude that a substantial

portion of the variability is due to mediation if
bmxbym.x

byx

> .80 and |βY X | > .2. In this example, bMXbY M.X

bY X
=

βMXβY M.X

βY X
= (.409)(.627)

.386 = .664 and, as presented above,

βY X = .386. Thus, we cannot conclude that depression
completely (or fully) mediates the relationship between fa-

tigue and psychosocial disability since, although βY X > .2,
bmxbym.x

byx
< .8.

Monte Carlo Study
A Monte Carlo study was used to compare the ESM proce-

dure proposed in this study with the previously proposed

BK and SEM methods for detecting full mediation and the

proportion of variability (K) method. A Monte Carlo study

simulates data that are representative of the nature of the

data found in the discipline, and then evaluates the perfor-

mance of the relevant procedures. In this study, we simu-

late data with varying degrees of mediation and then com-

pare the performance of the relevant procedures across

these conditions (and other conditions described below).

It is important to point out that the methods are testing dif-

ferent research hypotheses; the BK and SEM approaches

are testing whether the direct effect of X on Y is not sta-
tistically significant, the K approach is testing whether the

proportion of variability attributed to the indirect effect

is large, and the ESM approach is testing whether the di-
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rect effect of X on Y falls within the equivalence inter-
val. For the ESM approach, both the ESMtot and ESMind

were evaluated. As discussed above, both approaches pro-

tect the researcher from concluding substantial mediation

when in fact there is no total or indirect effect, respectively.

In both cases, the standard errors were derived using the

percentile bootstrap approach (500 bootstraps).

The open-source statistical package R (R Development

Core Team, 2020) was used to conduct the simulations and

analyses. The approach proposed by Caron and Valois

(2018) for simulating three variable mediation models was

adopted. The lavaan package in R was employed to per-
form the SEM analysis on the mediation model (Rosseel,

2012). Following Caron and Valois (2018), the following

equations were used to generate standardized X ,M , and
Y , using the rnorm function in R for random normal vari-
ables (note that since X , M and Y are standardized we
could equivalently replace b with β). We start by simulat-
ing the mediator (M ) as:

Mi = b∗MXXi + e1i, (1)

where Xi is a normally distributed variable with µ = 0
and σ = 1, and e1i is a normally distributed variable with

µ = 0 and σ =
√
1 − (b∗MX)

2
. Yi is simulated as:

Yi = b∗Y X.MXi + b∗YM.XMi + e2i, (2)

where e2i is a normally distributed variable with µ = 0
and

σ =

√
1−

[
(b∗Y X.M )

2
+ (b∗YM.X)

2 − 2b∗MXb
∗
Y X.Mb

∗
YM.X

]
.

(3)

The equivalence interval (−δ, δ) for the ESM was set to
(−.15, .15). As noted previously, the establishment of an
appropriate equivalence interval depends on the nature of

the study, and thus, in the absence of a substantive prob-

lem, this interval was selected somewhat arbitrarily. In-

creasing or decreasing the size of δ would result in a re-
spective increase or decrease, respectively, in the power

of the ESM test and therefore we did not explore multiple

conditions.

Two primary factors were manipulated in this study,

sample size and effect size. Sample sizes were set at

50, 100, 200, 350, 500 and 1500, chosen to be compara-

ble to the sample sizes common within the social and be-

havioral sciences. Regression coefficients for the b∗MX

and b∗YM.X paths from Figures 1 and 2 were each set

at 0 (b∗MXb
∗
YM.X = 0), .30 (b∗MXb

∗
YM.X = .09), .50

(b∗MXb
∗
YM.X = .25), .60 (b∗MXb

∗
YM.X = .36) or .70

(b∗MXb
∗
YM.X = .49). In order to also investigate the ef-

fect of different b∗MX and b∗YM.X coefficients on the re-

sults, we also investigated conditions in which one coef-

ficient was larger than the other. Specifically, we looked

at cases where one coefficient was 0 and one coefficient

was .50 (for b∗MXb
∗
YM.X = 0), where one coefficient was

.173 and one coefficient was .519 (for b∗MXb
∗
YM.X = .09),

where one coefficient was .353 and one coefficient was .709

(for b∗MXb
∗
YM.X = .25), where one coefficient was .490 and

one coefficient was .735 (for b∗MXb
∗
YM.X = .36), andwhere

one coefficient was .606 and one coefficient was .808 (for

b∗MXb
∗
YM.X = .49). Note that the ratio of these coefficients

(0/.50 = 0, .173/.519 ≈ .33, .353/.709 ≈ .5, .490/.735 ≈ .66,
.606/.808 ≈ .75) is proportional to the distance of the coef-
ficients to the ceiling (i.e., greater variability in coefficients

is permissible when the values do not approach a ceiling

effect).

Regression coefficients for the b∗Y X.M path were set at

0, .05, or .25. For b∗MXb
∗
YM.X= .25, .36, and .49, when

b∗Y X.M = 0, each of full mediation (BK/SEM), substantial

mediation (ESMtot/ ESMind), and proportion mediated

> .80 are present and thus the simulation study is used to

evaluate the power of each of the procedures (although it

is important to recall that the K procedure is not an infer-

ential procedure and therefore does not have strictly de-

fined Type I and/or power rates). For b∗MXb
∗
YM.X = .25,

.36, and .49, when b∗Y X.M = .05, this is substantial media-

tion because the direct effect falls within the equivalence

interval (-.15, .15), so this is still a power condition for the

ESMtot/ ESMind procedures. However, the BK and SEM

approaches should reject the null hypothesis, H0: b
∗
Y X.M

= 0, and indicate that full mediation is not occurring. For

the K procedure, the proportion mediated exceeds .80 and

thus these are also power conditions. For b∗MXb
∗
YM.X=

.25, .36, and .49, b∗Y X.M = .25, again, the BK and SEM ap-

proaches should reject the null hypothesis H0: b
∗
Y X.M =

0 and indicate that full mediation is not occurring. The

same general situation exists for the K procedure (propor-

tion mediated is not > .80 in any condition so full media-

tion should not be concluded), however again recall that

there is no formal hypothesis testing for the K procedure.

For theESMtot/ESMind procedures, the direct effect falls

outside the equivalence interval (-.15, .15) when b∗Y X.M =

.25, and therefore this test should not indicate thatM is a

substantial mediator (i.e., rejecting the null hypothesis is a

Type I error).

It is worth noting that when b∗MXb
∗
YM.X = 0, there is

no indirect effect, thus, this condition is analogous to test-

ing error rates for the different procedures as the indirect

effect itself is not responsible for the effect of b∗Y X.M . An
anonymous reviewer suggested the b∗MXb

∗
YM.X = .09 con-

dition and this is a complicated one. Although the same

conclusions regarding substantial mediation exist as for

b∗MXb
∗
YM.X = 0, .25, .36, and .49, because the total effect

(.14) or indirect effect (.09) are not greater than the cutoff

(.15), testing for substantial mediation is not conducted in
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most cases (althoughwith sampling variance in some cases

the total/indirect effect might exceed .15).

The nominal Type I error rate (α) was set to .05 for all
conditions. For evaluating the power of the procedures, we

conducted 1000 simulations for each condition.

Results
Power rates for the BK and SEM approaches were almost

identical (except for conditions with small N and small

b∗Y X.M ) and therefore the results will be discussed to-
gether. Similarly, unless otherwise specified, the rejection

rates for the two ESMprocedures (ESMtot/ESMind) were

almost identical across all conditions and therefore will be

discussed together under ‘ESM’. Power rates for the BK,

SEM, K and both ESM procedures for b∗MXb
∗
YM.X = 0, .09,

.25, .36 and .49 are presented in Tables 1, 2, 3, 4, and 5,

respectively, at the end of this article.

Validity Check for the ESM Procedure
To evaluate whether the ESM procedure provided a valid

test of the composite null hypothesis (H01 and H02), the

empirical Type I error rate for the procedure was com-

pared with the nominal alpha level (.05) using a sample

size of N = 500 and b∗MX = b
∗
YM.X = .5. To evaluate the

empirical Type I error rate, it was necessary to set b∗Y X.M
(β∗Y X.M ) equal to δ. The empirical Type I error rate was
.054, which deviated only slightly from the nominal level.

Full/Substantial Mediation Present (βY X.M = 0)
Given b∗MXb

∗
YM.X =.25, .36, and .49, it is important to note

that this is a power condition for the ESM because β∗Y X.M
is less than δ. The BK/SEM approaches had greater power
than the ESM approaches, until the sample size was very

large. For example, the power rates for the ESM proce-

dures were close to 0 until the sample size was greater

than N = 100, and approached unity as the sample size
reached N = 1500. On the other hand, the power rates
for the BK/SEM increased from N = 50 to N = 1500, but
the results at lower sample sizes were often much greater

than 0. It is important to note that the power rates for the

BK/SEM approaches reach a ceiling of 1 − α because the
test is measuring the probability of not declaring bY X.M
different from 0 (or, as discussed earlier, not rejectingH0:

b∗Y X.M = 0), which, with a large enough sample size, is

simply 1 − α. When b∗MXb
∗
YM.X = .25, the K procedure

had power rates that were between the ESM and BK/SEM

procedures when sample size was between N = 50 and
N = 350, but, like the other procedures, approached unity
at N = 500 and N = 1500. When b∗MXb

∗
YM.X = .36/.49

the rates increased faster with N , with BK/SEM and the K
methods approaching .9 and the ESM methods approach-

ing .7 at N = 100. When b∗MX > b
∗
Y X.M the power rates

are generally lower than when b∗MX<b
∗
Y X.M for all proce-

dures excluding SEM. This effect wasmore pronounced for

the ESM procedures.

For the small indirect effect of b∗MXb
∗
YM.X = .09, the

ESM approaches did not attain high power, even at larger

sample sizes (recall that the minimum requirement for the

total/indirect effects, .15, was notmet and thus inmost con-

ditions substantial mediation testing was not conducted).

The ESMtot approach had slightly higher power than the

ESMind approach. The K approach had low power at all

sample sizes, but rates decreased to 0 as the sample size

approached 1500. Like the ESM procedures, the minimum

βyx relationship requirement was not met. The BK/SEM
approaches had low power at N = 50 (.014 to .36) but ap-
proached .95 byN = 1500.
The ESM procedures almost never declared full medi-

ation when b∗MXb
∗
YM.X = 0 (the only non-zero rate was

0.10% in the N = 200, b∗MX < b∗Y X.M condition). The

K procedure had similar rates to those of the ESM proce-

dures. In contrast, the BK/SEM procedures declared full

mediation when b∗MXb
∗
YM.X = 0 up to 3.10% of the time.

Substantial Mediation Present (b∗Y X.M = .05)
When b∗Y X.M = .05, again the direct effect is within the

equivalence interval and thus this is a power condition for

the ESM. Given that the BK approach is assessing whether

the test of H0: b
∗
Y X.M= 0 is not rejected, and the SEM ap-

proach, because there is only one degree of freedom in

the full mediation model, similarly assesses whether the

direct effect from X to Y is zero via the goodness of fit
test, this condition should fail these assessments and not

indicate that full mediation is present (i.e., any nonrejec-

tions are Type II errors). Similar to the previous condi-

tion, for b∗MXb
∗
YM.X =.25, .36, and .49, the ESM procedures

have almost zero power until N = 100, but approach
unity at N = 1500. Incorrect declarations of full media-
tion for the BK/SEM approaches increased from N = 50
toN = 100/200, then decreased as sample sizes increased
towardsN = 1500. These error rates are a function of the
requirement by these approaches that there are both sig-

nificant effects (bMX , bYM.X , and bY X ) and nonsignificant
effects (bY X.M ). Thus, at the larger sample sizes, there is
high power for rejecting H0: b

∗
Y X.M = 0 and also for re-

jecting H0: b
∗
YM.X = 0 and H0: b

∗
MX = 0. At N = 1500,

even though b∗Y X.M is not zero, there is still approximately
up to a 68% chance of declaring full mediation using the

BK/SEM procedures. When b∗MX > b
∗
Y X.M the power rates

are lower than when b∗MX<b
∗
Y X.M for ESM/K, whereas the

reverse is true for BK/SEM atN > 100.
At b∗MXb

∗
YM.X =.25, .36, and .49, like in the full media-

tion condition, for smaller sample sizes the K procedure’s

power rates were between BK/SEM and both ESM proce-
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dures. At moderate sample sizes the power rates for K

were similar to the ESM procedures at smaller b∗MXb
∗
Y X.M

and greater than the ESMprocedures at larger b∗MXb
∗
Y X.M .

Further, at small to moderate sample sizes the rates for K

were lower than that of the BK/SEM procedures, whereas

at large sample sizes the rates for K were larger than that

of the BK/SEM procedures. This makes sense since the K

procedure is based on an effect size, whereas the BK/SEM

procedures are based on hypothesis testing; at large N
the BK/SEM procedures have high power for rejecting H0:

b∗Y X.M = 0 even though the effect size is very small.
When b∗MXb

∗
YM.X = .09, the ESM approaches had low

power across all sample sizes. As discussed earlier, the

minimum requirement for the total/indirect effects (.15)

was notmet and thus inmost conditions substantialmedia-

tion testing was not conducted. Power was notably higher

for the ESMtot approach compared to the ESMind pro-

cedure, since the total effect was closer to the cutoff. For

instance, at N = 1500, power was between .279 and .356
for ESMtot but was at 0 for ESMind. Like for b

∗
Y X.M =

0, the K procedure had consistently low rates since neither

of the conditions for the procedure (proportion mediated

> .80 and a total effect > 2) were met (i.e., the procedure

performed as it should). Power declarations increased for

the BK/SEM procedure until N = 500 and then fell when
N = 1500; this is a similar pattern to the other indirect ef-
fect conditions with power for the bMX , bYM.X , and bY X
effects increasing with sample size, but power for the (near

zero) direct effect being lower atN < 1500.
The ESM procedures (appropriately) almost never de-

clared full mediation when b∗MXb
∗
YM.X = 0 (the only non-

zero rate was 0.10% in the N = 200, b∗MX < b∗Y X.M con-

dition). The error rates for BK/SEM were higher, reaching

5.6%. The K procedure, also appropriately, almost never

declared substantial mediation.

Generally, when b∗Y X.M = .05, there were many in-

stances of increased power for detecting mediation (rela-

tive to b∗Y X.M = 0 condition). One reason for this power

increase is that fixing b∗Y X.M to .05 increases the overall

relationship between X and Y (total effect). In contrast,
when fixing b∗Y X.M to 0, the total effect (βY X ) may still
not be large enough to be statistically significant (espe-

cially at smaller samples), meet the minimum total effect

requirement for the ESMtot and K procedures, or indi-

rectly inflate the minimum indirect effect requirement for

the ESMind procedure.

To ensure that it was indeed the minimum total or indi-

rect effect requirement that was inflating the power rates

at b∗Y X.M = .05 for the ESM procedures (as opposed to the

confidence interval requirement), we recorded the propor-

tion of instances where only the minimum effect require-

ment for either procedure was met at N = 50, for b∗Y X.M

= .0 and b∗Y X.M = .05. We found that the minimum ef-

fect requirement was met more frequently at b∗Y X.M = .05
than b∗Y X.M = .0. Secondly, we reran conditions in which

there was no requirement of a minimum underlying total

or indirect effect for the ESM procedures. We found that

the power increase at b∗Y X.M = .05 disappeared for both

methods. We see less instances of this power bump for all

the procedures when sample sizes increase (less cases at

N = 1500 compared to N = 50) and when the magni-
tude of the indirect effect becomes larger (less cases with

b∗MXb
∗
YM.X = .49 compared to b

∗
MXb

∗
YM.X = .09).

Full/Substantial Mediation Not Present (b∗Y X.M = .25)
When b∗Y X.M > δ, full or substantial mediation does not ex-
ist and therefore any indications of full mediation by the

BK or SEM approaches, substantial mediation by the ESM

approaches, or proportionmediated > .8 by the K approach

are errors. The ESM procedures almost never indicated

substantial mediation to be present, when in fact it was

not present, in any condition (the largest rate observedwas

.004). On the other hand, the BK/SEM and, to a lesser ex-

tent, K approaches were only error free at larger sample

sizes. At the smaller sample sizes, the BK/SEM approaches

often found full mediation to exist when in fact it did not

with error rates lower at larger values of b∗MXb
∗
YM.X . For

example, for b∗MX = b∗YM.X = .5 and N = 50 the BK/SEM
approaches sometimes incorrectly indicated full mediation

more than 50% of the time. To a lesser degree, the K ap-

proach in the same conditions indicated that full mediation

existed up to 20% of the time.

It is important to highlight that the error rates when

b∗Y X.M > 0, as with b∗Y X.M = 0, are complicated because

they are a function of the requirement by these tradi-

tional approaches that there are significant effects (bMX ,

bYM.X , and bY X ) and nonsignificant effects (bY X.M ). At
the smaller sample sizes, H0: b

∗
Y X.M= 0 is rarely rejected

(which is one of the necessary requirements for full me-

diation with traditional approaches) because there is very

little statistical power for testing this relationship. How-

ever, there is also reduced statistical power for rejecting

H0: b
∗
YM.X = 0 and H0: b

∗
MX = 0 or assessing the propor-

tion of variability. Therefore, it is difficult to make sense of

the pattern of error rates for the BK/SEM approaches until

sample sizes become large and the power for rejectingH0:

b∗Y X.M= 0 approaches unity; however, in general for this
condition the consequence is that many false declarations

of full mediation are more likely with the BK/SEMmethods

at smaller sample sizes.

The ESM procedures correctly never declared full me-

diation when b∗MXb
∗
YM.X = 0. Error rates for the BK/SEM

procedure were low at large sample sizes (N > 300), but
went as high as 9.50% when N = 50. The K approach ap-
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propriately never declared full mediation in this condition.

Discussion
Researchers in psychology are commonly interested in ex-

ploring potential mediators of proposed relationships. As

outlined in the introduction, these explorations can in-

volve an assessment of whether a mediator fully or com-

pletely determines the relationship between a predictor

and an outcome variable. Historically, researchers used a

lack of statistical significance of the direct effect between

the predictor and outcome, after controlling for the medi-

ator, as evidence of full mediation. Although the language

of ‘full’ and ‘partial’ mediation has been found to be of lit-

tle use in understanding the statistical significance of the

indirect effect, researchers are still concerned with assess-

ing these forms of mediation in order to understand the

nature of the mediator they are interested in. For exam-

ple, studies such as those by Ritt-Olson et al. (2005), Had-

landsmyth and Vowles (2009), Sella et al. (2016), and Kuki-

hara et al. (2020), are theoretically interested in whether a

single variable can account for the majority of the relation-

ship between a predictor and an outcome, and this infor-

mation is best understood in terms of whether the mediat-

ing variable can substantively account for the relationship

between an independent variable and an outcome.

This study proposed two novel tests of substantial me-

diation based on equivalence testing and compared it to

traditionally used methods for assessing full mediation.

The ESMmethods require the researcher to specify a priori

what magnitude for the direct effect would be considered

inconsequential within the nature of the study. Although

this a priori determination can be challenging, researchers

regularly consider what level of effect size is meaningful

within the context of their research question and previous

literature (Beribisky, Davidson, & Cribbie, 2019). The se-

lection of an equivalence interval is closely related to this

process - a researcher must consider, within the context of

their research question and the extant literature, what ef-

fect represents an appropriate inconsequential difference.

Although the proposed ESM tests have reduced power

for detecting substantial mediation at smaller sample sizes,

they also do not have the disadvantages shared by the BK

and SEM approaches of violating the principles of null hy-

pothesis testing (i.e., relying on nonrejection of the null hy-

pothesis) and commonly declaring full mediation when it

does not exist. More specifically, power for detecting sub-

stantial mediation with the ESM approaches (for the con-

ditions investigated in this paper) was low at small sample

sizes, and only reached acceptable levels atN = 350 for in-
direct effects of .25, .36 and .49, which is definitely a limit-

ing factor for many researchers (although note that a fairly

strict equivalence interval was used given the context-free

nature of the simulation study). The best power rates for

the ESM procedures occurred when bYM.X > bMX due

to a narrower confidence interval around the direct effect

when the mediator was more closely related to the out-

come variable than the independent variable. This result

is related to collinearity and a decreased standard error

when the mediator is more closely associated to the out-

come (see Kenny & Judd, 2013).

On the other hand, with N = 50, the probability of
declaring “full”mediationwhen it was not present reached

as high as 94% with the BK and SEM procedures, and as

high as 93% with N = 100 when βMX > βYM.X . In

contrast, the ESM approaches almost never declared sub-

stantial mediation when it was not present at small sample

sizes. All approaches rarely declared full mediation when

b∗MXb
∗
YM.X = 0, but the ESM approaches had the best per-

formance. The results for the K procedure fall in between

the BK/SEM procedures and the ESM procedures, namely

that the risk of falsely declaring there is a large proportion

of variability attributed to the indirect effect with small

sample sizes was small, but not zero. At larger sample

sizes, all of the approaches rarely found full or substantial

mediation when it did not exist and had good power for de-

tecting full or substantial mediation when it was present.

However, it is important to note that the power for the

BK and SEM approaches have a ceiling of 1 − α, because
they are relying on non-rejection of the null hypothesis

H0: b
∗
Y X.M= 0, whereas the power for the ESM and K ap-

proaches will approach unity as sample sizes increase. The

choice between the K procedure or the ESM procedures

with small sample sizes comes down to whether power

is more important (in which case the K procedure is pre-

ferred) or whether strict control over the probability of

falsely concluding full/substantial mediation is more im-

portant (in which case the ESM procedures are preferred).

There are a couple of limitations of the study/method

that are necessary to highlight. First, like with all simula-

tion studies, the results are specific to the conditions inves-

tigated. However, we are confident that the general con-

clusions of the study are robust given the variety of pos-

sible conditions presented. Second, as discussed earlier,

the selection of the appropriate equivalence interval is a

key part of equivalence testing and its importance cannot

be overlooked. It is a difficult task given that we are ex-

ploring regression parameters whose distributions are less

than straightforward. Bootstrapping was used to obtain a

standard error for the difference between the coefficients,

however what constitutes the smallest meaningful differ-

ence (δ) is still up for debate. In our simulation study, we
used standardized variables in order to provide some con-

text to the process of selecting an appropriate δ, however,
as we stated earlier, an appropriatemagnitudewill also de-
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pend on the nature of the study, etc. As equivalence testing

becomes more mainstream it is hoped that much more re-

searchwill be conducted into appropriate bounds for these

types of problems (see Beribisky et al., 2019).

It cannot be overstated that the BK and SEM ap-

proaches to testing for full mediation violate the under-

lying principles of null hypothesis testing because the re-

search hypothesis is aligned with the null hypothesis (H0:

b∗Y X.M= 0), rather than with the alternate hypothesis. The
ESM procedures, on the other hand, focus on the concept of

substantial mediation and the research hypothesis is cor-

rectly aligned with the alternate hypothesis. The ESM ap-

proaches evaluatewhether the direct effect of Y onX , con-
trolling forM (bY X.M ) is neglible (and require that either
the standardized total effect, βY X , or the standardized in-
direct effect, βMXβYM.X , are non-negligible). Given that

the focus is on the direct effect (i.e., the equivalence of the

indirect and total effects), there needs to be variability in

the raw relationship to mediate.

There are a couple of other important points to make

in terms of framing our study within the larger analytic

framework. First, although we focus on the simple three

variable mediation model, the concept of substantial medi-

ation could also be tested with modern mediation models

including longitudinal models, causal models, etc. (MacK-

innon, Fairchild, & Fritz, 2007; Preacher, 2015; Selig &

Preacher, 2009). On a related note, it could be possible

that multiple mediators combine to account for a substan-

tial portion of the relationship betweenX and Y , and this
situation should be examined in future research. Second, it

is nowwell known that null hypothesis significance testing

on its own cannot provide a complete picture of the rela-

tionship among variables and thus it is imperative for re-

searchers to provide effect sizes (and confidence intervals

for the effect sizes) to accompany their significance tests.

The methods presented in this paper are based on null hy-

pothesis testing, and accordingly should always be accom-

panied by an associated effect size measure. To date, there

has not been consensus regarding the best way to quantify

effect sizes for mediation (Preacher & Kelley, 2011; Wen &

Fan, 2015). However, in the illustrative example, in ad-

dition to the proportion of the total effect mediated, we

chose to use Lachowicz et al.’s (2018) recent recommenda-

tion of the squared completely standardized indirect effect

(also interpreted as the variance in the outcome explained

jointly by the predictor and mediator as a viable effect size

measure). Providing multiple measures of effect size is

usually very informative, and this is recommended given

the current state of effect size reporting for mediation.

To summarize, researchers frequently test whether a

particular mediator explains a substantial portion of the

variability in a relationship and thus it is important that

an appropriate test of this phenomenon be available. Tra-

ditional approaches for assessing full mediation, such as

those using the Baron and Kenny (1986) and James and

Brett (1984) models, do not suitably address this research

question. The results of this study highlight that the best

way to assess the question of full/substantial mediation is

to either use a method based on effect size, such as that

proposed by Kenny (2020), or the equivalence testing based

ESM procedures proposed in this paper.
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