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ABSTRACT

Mediation analyses supply a principal lens to probe the pathways through which a treat-
ment acts upon an outcome because they can dismantle and test the core components of
treatments and test how these components function as a coordinated system or theory of
action. Experimental evaluation of mediation effects in addition to total effects has become
increasingly common but literature has developed only limited guidance on how to plan
mediation studies with multi-tiered hierarchical or clustered structures. In this study, we
provide methods for computing the power to detect mediation effects in three-level clus-
ter-randomized designs that examine individual- (level one), intermediate- (level two) or
cluster-level (level three) mediators. We assess the methods using a simulation and provide
examples of a three-level clinic-randomized study (individuals nested within therapists
nested within clinics) probing an individual-, intermediate- or cluster-level mediator using
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the R package PowerUpR and its Shiny application.

Mediation analyses supply a principal lens to probe
the pathways through which a treatment acts upon an
outcome because they can dismantle and test the core
components of treatments and test how these compo-
nents function as a coordinated system or theory of
action (Gottfredson et al, 2015; Kazdin, 2007;
Windgassen et al., 2016). Across a broad range of dis-
ciplines, mediation analyses now represent a core
standard of evidence in establishing treatment effects
and how these effects take root while advancing foun-
dational theories within a discipline (e.g., Eden, 2017;
Imai et al, 2013; MacKinnon, 2008; Wilt, 2012;
Windgassen et al, 2016). For example, the field of
organizational research has established guidelines
designed to promote the careful planning and incorp-
oration of mediators in studies and the Society for
Prevention Research has introduced specific standards
that advocate for and guide mediational analyses (e.g.,
Aguinis et al, 2017; Gottfredson et al., 2015; Eden
et al., 2015).

In many disciplines, mediation guidelines often
include considerations for the multilevel structures that
typically arise in social and psychological settings in
order to examine individual and group behaviors amidst

the flow of a treatment effect to an outcome (e.g., Krull
& MacKinnon, 1999). Multilevel mediation methods
have been applied to a wide variety of disciplines and
topics including, for example, those focused on psycho-
logical well-being (Van Mierlo, Rutte, Vermunt,
Kompier, & Doorewaard, 2007), mental health
(Kozlowski & Klein, 2000), neighborhood effects (e.g.,
VanderWeele, 2010), stress and coping processes
(Brincks et al, 2010), early childhood education
(Curenton et al., 2015), youth delinquency interventions
(e.g., Brown et al.,, 2014), provider-patient communica-
tion (e.g., Cegala & Post, 2009), and teacher effects (e.g.,
Kelcey & Carlisle, 2013; Kelcey et al., 2019).

Similarly, these types of multilevel considerations
have expanded to accommodate more complicated
structures that involve three levels of nesting. Prior
research has, for example, drawn on three-level
structures to investigate neighborhood effects using
children nested within families nested within neigh-
borhoods (e.g., National Longitudinal Survey of
Children & Youth & Statistics Canada, 2019), anx-
iety and depression within the context of students in
classes in  schools (Kozina, 2018a; 2018b;
VanderWeele et al.,, 2013), health outcomes with
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individuals nested in sites nested within regions or
states (Livert et al., 2001), and organizational
research questions addressing leadership effects
within the context of employees in teams in organi-
zations (e.g., Cerne et al., 2013; Xu et al., 2017).

Although a diverse range of disciplines routinely call
for and draw upon multilevel mediation analyses, a key
gap in this literature is the development of expressions
and tools that detail the statistical power of multilevel
designs to detect mediation effects and identify sample
sizes that provide a desired level of power. Prior
research has widely documented the foundational value
of establishing guidelines and accessible planning tools
in improving study design, the quality of evidence gar-
nered from a study, and the capacity of a discipline
(e.g., Gottfredson et al, 2015; Spybrook, Shi, et al,
2016; Spybrook, Kelcey, et al., 2016; Windgassen et al.,
2016). From a study planning perspective, however, lit-
erature provides little guidance or accessible tools
regarding how to understand and estimate the statis-
tical power with which hierarchical designs can detect
mediation effects and the scale needed to ensure a
desired level of power. Recent literature has probed
and detailed these considerations for two-level designs
(e.g., Kelcey, Dong, et al., 2017), however, such plan-
ning considerations for comparable three-level designs
have not been well-studied and delineated in a similar
manner despite the increasing prevalence of three-level
designs (e.g., Hedges & Hedberg, 2013; Jacob et al,
2010; Kelcey et al, 2017; Pituch & Stapleton, 2008;
Pituch et al., 2006; Spybrook et al., 2016).

In this study, we developed expressions and soft-
ware to estimate the statistical power with which
three-level cluster-randomized designs can detect
mediation effects using cluster-, intermediate-, or indi-
vidual-level mediators. The remainder of our study is
broken up into five additional sections. The next sec-
tion outlines a working illustration to give a more
concrete context to our formulations, structures and
expressions. We then use three sections that are sepa-
rated by the level of the mediator (i.e., cluster-, inter-
mediate-, and individual-level mediator) to outline the
resulting power expressions, illustrate the results using
the PowerUpR Shiny application (Bulus et al., 2019),
and outline the accuracy of the expressions through a
simulation. We end with a discussion.

Working example

To frame our subsequent analyses, we first develop an
illustrative example through which we examine three
types of mediation (defined by level of the mediator) in

three-level experiments. Our example context focuses
on studies investigating the effective use of evidence-
based psychological treatments on patient mental
health outcomes. Recent reviews have suggested that
the number of people facing mental disorders contin-
ues to rise (e.g., Harvey & Gumport, 2015). Although
research has established a number of effective evi-
dence-based psychological treatments for a broad range
of mental disorders (e.g., Layard & Clark, 2014), this
same research has also indicated that the majority of
people suffering from mental disorders are not receiv-
ing appropriate or effective care (e.g., SAMSHA, 2007).

Recent analyses have in part sought to identify crit-
ical barriers that constrain the effective use of evi-
dence-based psychological treatments and have
identified several key hurdles that stagnate the effect-
ive use of evidence-based treatments across multiple
structural or organizational levels (Harvey &
Gumport, 2015). Barriers arise along multiple levels
including the patient-level (e.g., adherence, motiv-
ation, engagement), therapist-level (e.g., beliefs, prefer-
ences, cognitive biases, fidelity), the clinic-level (e.g.,
leader skepticism, lack of training time), and govern-
ment-level (e.g., policies; Harvey & Gumport, 2015).

In part, these findings call for increased research
into implementation practices that better provision
the take up and use of evidence-based therapies to
improve patient outcomes (e.g., Harvey & Gumport,
2015; Schwartz, 2010). In our working examples, we
considered three different types of programs that pro-
vide supportive training directed toward improve-
ments in clinic-, therapist-, or patient-level processes.
The first type of program we considered included
those aimed at supporting key clinic-level processes to
reduce barriers to implementation. In our context,
one example is the level of administrative support
provisioned by a clinic leader (e.g., Roche & Freeman,
2004; Willenbring et al., 2004). Prior literature has
found that material support by administrative leaders
(e.g., in service training, dedicated preparation time
for staff, expert consultation, group discussions) can
afford or constrain an organization’s take up of a
practice and the eventual impact of the training on
patient outcomes (e.g., Willenbring et al., 2004).

The second type of program we considered was those
providing material support for therapists (level two). In
clinical settings, therapists are often the principal deliv-
ery agents of psychological treatments and research sug-
gests that, for example, their beliefs about a treatment
serve as key intermediate mechanisms in the pathway to
improved patient outcomes (Roche & Freeman, 2004).
That is, clinical theories frequently submit that effective



use of a new treatment is preceded by transformations
in beliefs regarding the clinical utility and validity of that
approach (e.g., Sikorski et al., 2012).

The third type of program we considered included
those that scaffold key patient processes thought to
strengthen outcomes. One common example is the
degree of patient motivation or treatment favoring
behavior cultivated in therapy sessions (e.g., Keeley
et al., 2016). Prior research in several areas including
depression suggests that weak outcomes owe in part
to patient resistance to or apathy toward evidence-
based treatments (e.g., Keeley et al, 2016; Van
Voorhees et al., 2005). Clinical training programs
often focus on strategies such as motivational inter-
viewing to nurture and promote patient motivation
(e.g., Keeley et al., 2016).

Within this context, our example analyses exam-
ined a cluster- or clinic-randomized study designed to
evaluate how and the extent to which exposure to a
training program on effective structural or behavioral
supports of psychological therapies improves patient
quality of life (e.g., Mowbray et al., 2009; Slade et al,,
2015). We examined experimental designs that nest
patients (level one) within therapists (level two) within
clinics (level three) and randomly assign clinics to
participate in a training program or a control condi-
tion. In turn, we draw on multilevel mediation analy-
ses to examine the extent to which participation in
the training (clinic-level treatment) affects patient
quality of life (patient-level outcome) by acting on dif-
ferent types of intermediate variables (clinic-, therap-
ist- or patient-level mediator).

The first type of mediator we considered was a
clinic-level (or level three) that describes variation
across clinics and is constant across therapists and
patients within clinics (e.g., level of administrative sup-
port provisioned by a clinic leader). When tracking the
clinic-level pathways through which a treatment
impacts an outcome, the resulting three-level mediation
design is often described as 3-3-1 mediation. More spe-
cifically, the acronym is used to denote that the treat-
ment is assigned at level three (clinic-level), the
mediator captures differences among level three units
(clinic-level), while the outcome is assessed at level one
(patient-level). In 3-3-1 mediation, our analyses track
the influence of the clinical training on a patient-level
outcome as it operates through a clinic-level mediator.

The second type of mediator we examined was a
therapist-level variable (level two) such as therapists’
beliefs about the clinical utility of a treatment. When
probing a therapist-level mediator in a three-level
design, literature has described the analysis as a type of
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3-2-1 mediation because such studies investigate how a
clinic-level treatment (level three) impacts a therapist-
level (level two) mediator in ways that advance a
patient-level outcome (level one). Although therapist
beliefs ostensibly target variation among therapists, the
collection of beliefs at a clinic also holds the potential
to describe the larger social context and capital of a
clinic in ways that may shape patient outcomes
(Aarons et al., 2012). Past research has demonstrated
that organizational social context including the collect-
ive beliefs of therapists toward a psychological treat-
ment can buttress or undermine the facility with which
therapists take up and implement the treatment
(Aarons et al., 2012). In this way, many multilevel anal-
yses purposefully probe the collective beliefs of thera-
pists as supplementary vehicles for change.

The most widespread summary of collective beliefs in
the clinical context is the clinic-level average of thera-
pists’ beliefs (e.g., Brincks et al, 2017; Pituch &
Stapleton, 2012; VanderWeele et al., 2013). Inclusion of
the collective beliefs allows researchers to track the total
association between beliefs and patient outcomes—that
is, it tracks both the association between collective
(clinic-level) beliefs and patient outcomes (i.e., the con-
textual relationship) and the association between indi-
vidual therapist deviations from their clinic averages and
patient outcomes (i.e., the individual-level relationship).

Last, we examined patient-level intermediate variables
(level one) that delineate differences among patients
(e.g., motivation). Literature has commonly described
this type of analysis as a 3-1-1 mediation model because
the analyses study how the effect of a clinic-level treat-
ment (level three) impacts a patient-level (level one)
mediator in ways that advance a patient-level outcome
(level one). Like therapist-level mediators, our 3-1-1
multilevel mediation analysis considered aggregates of
the patient-level mediators to summarize the environ-
ment at the therapist- and clinic-levels that emerges by a
collection of patients. For example, when therapy
involves multiple patients (e.g., group-based therapy),
the average motivation of patients within a therapist can
be used to describe the social context. A high level of
motivation across all patients served by a therapist in a
group session may have a galvanizing effect on each of
the patients in terms of strengthening their commitment
to the treatment and eventually positively impact out-
comes. Similar aggregate processes are included at the
clinic-level. For example, persistently high levels of
motivation across all patients in a clinic may set expecta-
tions for patient investment and commitment that intro-
duce positive contextual effects on patient outcomes.
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Below, we examine each type of mediator in turn
(i.e., clinic-, therapist-, and then patient-level medi-
ator). Each section introduces the analytic models,
outlines key results for the error variances and the
power expressions for several mediation tests, assesses
these expressions using simulations, and then ends
with an illustrative application.

Clinic-level mediators

We begin by examining the power with which clinic-
or cluster-randomized studies can detect indirect
effects operating through
(i.e., 3-3-1 mediation). More specifically, we examine
experiments that plan to delegate clinics at random to
participate in either a control or treatment condition
(T) and evaluate the treatment’s effect on a patient-
level outcome through a clinic-level mediator (M).
Within this context, we draw on the typical set of
linear multilevel models to estimate model parameters
(e.g., Pituch et al, 2009; Pituch & Stapleton,
2012; VanderWeele et al, 2013; VanderWeele &
Vansteelandt, 2009; Zhang et al., 2009). We structure
our model to employ group-mean centered variables

clinic-level mediators

(i.e., centered within context) as this approach is
widespread across disciplines due to its ability to
decompose and deconfound effects at different levels
(e.g., Brincks et al, 2017; Pituch & Stapleton, 2012;
Zhang et al., 2009). However, other methods including
no centering or grand-mean centering will produce
equivalent parameter estimates when drawing on
random intercept models with the hierarchical group
means entered as fixed effects at each appropriate
level (Brincks et al., 2017; Enders & Tofighi, 2007;
Kreft et al., 1995).

For the 3-3-1 analyses, we first delineate the
mediator as a function of the treatment and covariates
such that

My = (oo +aTy + (o X+ Loy Wi + {052y + 824
e ~N(0, ‘712\4\0)

(1)

Here, M, is used as the mediator value for clinic k,
X, as its clinic-level mean aggregate of a patient-level
covariate (X) with {,, as its path coefficient, W as its
clinic-level mean aggregate of therapist covariate (W)
with {j, as its path coefficient, T, as the treatment
assignment coded as +!/, with path coefficient a, Z;
as a clinic-level covariate (with (,; as its path
coefficient), 824 as the clinic-level error term with
variance 012\4‘0 that is conditional on the fixed effects
(collectively denoted as ).

Applied to our clinical example, the mediation
model examines the extent to which a clinic’s partici-
pation in a training program influences a clinic’s level
of administrative support offered to its therapists and
patients. Covariates in the model may include clinic-
level variables such as clinic policies, clinic-level
aggregates of practitioner-level variables such as aver-
age prior experience of practitioners, and clinic -level
aggregates of patient-level variables such as average
therapy history.

The use of an experimental design balances the
observed and unobserved characteristics of the clinics,
practitioners, and patients between the treatment and
control conditions such that it alleviates the potential
for confounding for the a path—that is, the possibility
that the observed treatment-mediator association is
due to an alternative explanation rather than the effect
of the training program. However, many design plans
call for covariance adjustment on covariates that are
predictive of the mediator because it can improve
the statistical precision with which we can track the
treatment-mediator relationship (a path) and detect
the mediation effect.

The associated model for patient outcomes is

Yiie= Boje + By (X = Xje) + B2 Vige + £
&~ N(0,0%)9)
ﬁOjk = %00k V01 (Xjk — X))+ Voz(ij -Wy+ 03 Qu + “(Z’k
gy~ N(0,7%5)
Yook = o+ BMy+¢ T +& X + &, Wi+ &2y + gy
ook ~ N(0.739) #)

Here, we use Yjj as the outcome for patient i
served by therapist j in clinic k, X« as a patient-level
covariate (with f, as its path coefficient), Vi as
a patient-level covariate that retains variance only
among patients within therapists (no variation across
therapists or clinics) with f8, as its path coefficient,
M, as the mediator for clinic k with path coefficient
B, ¢’ as the treatment-outcome conditional path coeffi-
cient, y as coefficients for therapist-level covariates, ¢

as coefficients for clinic-level covariates, and vé’ok, ué}k

and 8§k as the clinic, therapist, and patient error terms
with respective variances 14, 13, and o}, that
are conditional on the fixed effects (collectively
denoted as #). We can further augment this model to
incorporate a treatment by mediator interaction (e.g.,
adding a TM, term) if we anticipate participation in
the training to strengthen or weaken the relationship



between the mediator and outcome. For ease,
we detail the expression and analyses without this
additional effect but including it is a straightforward
addition (Kelcey et al., 2017).

Returning to our clinical illustration, the outcome
model describes how changes in administrative
support are conditionally associated with patient
outcomes. Similar to the mediation model, the
outcome model conditions on clinic, therapist, and
patient covariates. The use of covariates in the out-
come model is critical in order to obtain an unbiased
estimate of the mediator-outcome path coefficient
because randomization of clinics to treatment
conditions does not address the potential for confound-
ing in the mediator-outcome path (i.e., sequential
ignorability).

When assumptions regarding causal identification
and the model specification (Vander Weele, 2010)
are correct, the 3-3-1 multilevel mediation effect
(ME) is quantified as the product of the treatment-
mediator (a) and mediator-outcome (B) paths
ME;3, = aB." This indirect or mediation effect delin-
eates the impact of the treatment on the outcome as
it works through changes in a clinic-level mediator.
Placed within our working example, the mediation
effect describes how changes in administrative sup-
port brought about by participation in a training
program produce improvements in a patient
outcome.

Standardizing the outcome and mediator to have
a total unconditional variance of one (i.e., 0'12\/1 =1,
U%/ + T%( + 0'%( = Py3 + Pyrz + (1 — Pys — pyllz) = 1))
the clinic- and therapist-level components of the out-
come variance can be viewed as the respective propor-
tion of variance owing to each level or the variance
partitioning coefficients (pyis, pyi2). As a result, the
scale of the a (treatment-mediator) path and ¢’ (direct
effect of the treatment on the outcome) path can
be understood on a standardized mean difference
scale while the B (mediator-outcome) path can be
placed on a standardized regression coefficient for
a clinic-level variable.

Error variance

Our analyses focus on three tests that can be used
in the planning phases before data are collected: (a)
the Sobel test, (b) the joint test, and (c) the Monte
Carlo interval test. The power associated with each

TCore assumptions include (a) stable unit treatment value assumption, (b)
sequential ignorability, (c) consistency, (d) no downstream confounders,
and (e) no treatment-by-mediator interaction.
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of these tests is governed by the error variances
(i.e., the square of the standard error) of the
treatment-mediator and mediator-outcome path
coefficients. For this reason, we first outline the
resulting error variances and then turn to the power
of each test.

Our derivations show that the error variance of the
treatment-mediator path (¢?) is

a3, (1 —RIZW)
(3 — Cy — 1)p(1 = p)
(3)

with Cj; as the number of level three covariates (see

2
o
M0

ot = | _

* (n3—=Cu—1)p(1-p)

Supplemental Material for outline). We use o3, as the
unconditional clinic-level variance of the mediator, p
as the proportion of clinics assigned to the treatment
condition, wa,j as the clinic-level mediator variance

explained by predictors (ie, T, X, W, and Z) in
the mediator model (expression 1), and n; as the
clinic-level sample size. To link the expression with
the path coefficients that are primary to the mediation
effect, we can further specify the clinic-level mediator

variance explained (RJZW) as

2
RZZVIB - Rﬁ/l? +M (4)
Z Om

Here, we additionally introduce R}, as the vari-
ance explained by covariates (i.e.,”the variance
explained by the covariates X, W, and Z when not
conditioning on or including the treatment indicator
T). Values for the predictive capacity of the covariates

(R2 ;) can often be drawn from empirical literature
7

documenting the correlations between common
covariates and outcomes (e.g., Baldwin et al., 2011;
Cosby et al., 2003).

For the mediator-outcome path coefficient, we can
track the error variance (0'123) using

Viio + Ty/ M + 0%/ (mam)
(n3 = Cy = D)oy,
vy (1 — Ru) + 15(1 — Ryw)/mo + (1 — Ryu)oy/ (nam)
(n3 — Cy — 1oy, (1 — R3..5)

2 _
Op =

®)

Here we use v}, 15, and o} to represent the
unconditional variances for the outcome at the clinic-,
therapist- and patient-levels, R12\4L3 to represent the
clinic-level mediator variance explained by all other
predictors (ie, T,X,W,Z), and R}.;, R}, and R},
to represent the outcome explained by predictors
at the clinic- (M, T, X;, W, and Z), therapist-
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((Xjk_Xk)>(ij—Wk), and Q), and patient-level

((Xijk —X;) and V) and Cy as the number of clinic-

level covariates in the outcome (Cy = 5). We further
detail R}, in order to tie it to the core parameters

defining the effects as (e.g., Kelcey et al., 2017)
p(L—p)(ab+c)’

RZYL3 = R?’LSZ + ]/2
Y
2 1— 2
+”—g432(1_1’—( zp)a ~RE2)  (6)
v o :
Y M
with Riuz as the outcome variance explained by

covariates (ie, X;, W, and Z) and R12\4£3 mediator
Z

variance explained by covariates (i.e., X, W, and Z).

Statistical power

Having outlined the error variance of the two princi-
pal path coefficients that quantify mediation, we
extend three test statistics and develop expressions to
track their power. We take up two asymptotic-based
tests and one resampling-based test that can be readily
used in the design phase before data collection: (a)
the Sobel test, (b) the joint test, and (c) the Monte
Carlo interval test.

Sobel test

Our first test is the classic Sobel test that evaluates
the ratio of the mediation effect to its (asymptotic)
standard error (Sobel, 1982)

259! = aB/o, @)

with ¢, as the asymptotic standard error of the
mediation effect such that

2 212, 2.2 | 22
oy = 0,b" +a“a, + 0,0, (8)

Hypothesis tests using the Sobel test are developed
by relating the test statistic to a normal distribution
on the asymptotic theory that the maximum likeli-
hood estimates are normal with the centrality param-
eter equal to the mediation effect and dispersion
parameter equal to the square root of expression (8)
above (Sobel, 1982). The statistical power of the test
can be estimated as

Sobel Sobel
P(|Za§3 ¢ | > Zcritical) =1- (D(zcritical - Za% E)
Sobel
+ (I)(_Zcritical - Za% ¢ ) (9)
with z39b¢!
the cumulative density of the normal distribution, and
Zeritical @8 @ chosen critical value such as 1.96 from the

as the test statistic in expression (7), @ as

normal distribution that captures a pre-specified type
one error rate.

Joint test

Although the normal distribution used in the Sobel
test serves as a convenient reference distribution
for larger multilevel samples (e.g., 100 clusters),
it does not typically capture the distribution of the
null in studies using small to moderate sample sizes
(Kisbu-Sakarya et al., 2014). A popular alternative is
the joint test (e.g., Cohen & Cohen, 1983; MacKinnon
et al,, 2002). The joint test develops inferences using
sub-tests that target the path coefficients that compose
a mediation effect—a sub-test for the intervention-
mediator path coefficient and, separately, a sub-test
for the mediator-outcome path coefficient. When
employing the joint test, the null hypothesis of no
indirect effect is rejected only when both sub-tests are
rejected. Past research has shown that the joint test
yields levels of power and type one error rates that
rival more complicated approaches such as resam-
pling-based bootstrap tests (Hayes & Scharkow, 2013).

For the intervention-mediator path coefficient (a),
we form the test statistic

t,=ala, (10)

where ¢, is the standard error in expression (3). For
the mediator-outcome path coefficient we have

ty = B/oy (1

For each of these sub-tests we use a referent
t-distribution with degrees of freedom equal to n;-C-1
where C is the number of level three or clinic-level
predictors in the model (Raudenbush & Bryk, 2002;
Kenny & Judd, 2014).

The power of two-sided tests to detect the indirect
effect (i.e., both paths simultaneously nonzero) is the
product of the power to detect the intervention-medi-
ator path and the power to detect the corresponding
mediator-outcome path

P(|ta| > tcritical&|t3| > tcritical)
= (1 - t(tcritical - ta) + t(_tcritical - ta))
* (1 - t(tcriticul - tB) + t(_tcriticul - tB)) (12)
where ¢ is the appropriate cumulative t density func-

tion and f,;q is the critical value for n;-C-1 degrees
of freedom.



Monte Carlo interval test

Last, we considered the resampling-based Monte
Carlo interval test (Preacher & Selig, 2012). For this
test, samples are drawn for the treatment-mediator
and the mediator-outcome path coefficients from
normal distributions centered on their estimated
values (4, B) with variances set to their expected error
variances based on the aforementioned expressions.
Collectively, the product of a* and B* from these
samples approximate the sampling distribution of the
indirect effect (Preacher & Selig, 2012)

R 2 N
a* a g, 0. ;
* ~ty,_co1 <A>»<A Aai ) (13)
(B ) ’ B %, %3

Subsequently, we develop inferences regarding
the indirect effect by assessing whether the simulated
asymmetric confidence intervals
As a result, the statistical power of this test is esti-
mated as the proportion of confidence intervals that
leave out zero. Recent literature has also presented
a fairly sizeable body of results that have supported
the efficacy of this approach (e.g., Kelcey et al., 2017;
Preacher & Selig, 2012).

leave out zero.

Simulation

To assess the accuracy of our results, we drew on
Monte Carlo simulations that compare the simulated
type one error and power rates for detecting the indir-
ect effect with our formula-based power predictions.
We drew on 1000 simulated datasets based on the
models above and considered 35 different conditions
that varied the clinic-, therapist-, and patient-level
sample sizes and the size of each of the path coeffi-
cients. The results are outlined in the Supplemental
Material and are subsequently summarized using the
3-1-1 mediation (see Table 1 below).

Collectively, the proposed formulas predicted the
power of the three tests well across the conditions.
The potential exception is that the Sobel test can
become inaccurate for extremely small samples (e.g.,
10 clinics, 3 therapists/clinic and 3 patients/therapist).
For type one error rates, all three tests demonstrated
rates lower than the nominal level but these rates
were well predicted under the Monte Carlo formulas,
moderately predicted for the joint test and poorly
predicted by the Sobel test. Overall, the results
strongly supported the accuracy of the formulas when
predicting power, even when the number of clinics,
therapists per clinic and patients per therapist were
relatively small.
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Table 1. 3-1-1 simulation results.

Sample sizes Path coefficients Power or Type 1 Error

ns n, n; a B ¢ Sobel Sobel Joint Joint MC MC

Power

10 3 3 08 05 01 0.03 013 006 002 005 0.07
20 3 3 08 05 01 026 034 043 034 042 040
30 3 3 08 05 01 058 053 072 062 071 0.67
40 6 6 05 03 01 035 028 038 041 041 041
80 6 6 05 03 01 064 067 072 072 0.73 071
40 12 6 05 03 01 036 032 039 042 041 042
80 12 6 05 03 01 065 067 072 071 0.73 071

40 6 12 05 03 01 036 030 039 043 041 043
80 6 12 05 03 01 064 066 071 070 0.72 0.69
40 12 12 05 03 01 035 031 038 041 041 041
80 12 12 05 03 01 066 070 073 074 073 0.74

40 6 6 0 03 01 005 0.0 0.2 000 0.00 0.00
40 6 6 05 0 01 005 0.0 0.05 001 0.02 000
40 6 6 0 0 01 005 0.00 0.0 000 0.00 000
80 6 6 0 03 01 006 0.00 0.4 002 0.03 002
80 6 6 05 0 01 005 003 005 004 0.02 0.04
80 6 6 0 0 01 005 0.0 0.0 000 0.00 000
40 12 6 0 03 01 006 000 0.3 002 0.00 002
40 12 6 05 0 01 005 0.01 0.05 003 0.04 003
40 12 6 0 0 01 005 0.00 0.0 000 0.00 000
80 12 6 0 03 01 005 0.0 0.04 002 0.02 002
6

05 0 01 005 002 005 002 002 0.02
80 12 6 0 0 01 005 0.0 0.0 000 0.00 0.00
40 6 12 0 03 01 005 0.00 0.02 002 0.00 0.01

6 12 05 0 01 005 0.00 0.05 001 0.02 001
40 6 12 0 0 01 005 000 0.0 0.0 000 000

6 12 0 03 01 005 001 004 006 002 0.06

6 12 05 0 01 005 0.00 0.05 001 0.03 0.01
80 6 12 0 0 01 005 000 0.00 000 0.00 0.00
40 12 12 0 03 01 005 000 002 002 001 002
40 12 12 05 0 01 005 000 005 0.00 0.02 001
40 12 12 0 0 01 005 000 000 0.0 0.00 0.00
80 12 12 0 03 01 005 001 004 001 0.01 001
80 12 12 05 0 01 005 001 005 0.01 003 001
80 12 12 0 0 01 005 000 000 0.00 0.00 0.00

Note: a circumflex or hat indicates predictions made by formulas devel-
oped in this study.

Illustration

Let us now consider a hypothetical study that targets
a clinic-level mediator (i.e., 3-3-1 mediation). Our
on planning a clinic-
randomized study to assess the impact of a psycho-

example context focuses

logical treatment training program (treatment) on
patient quality of life (outcome) as it is facilitated
through administrative support (mediator). To apply
the power expressions and identify a requisite sample
size, we draw on empirical estimates of the governing
parameters such as those pulled from pilot studies or
prior research in the field (e.g., Baldwin et al., 2011;
Cosby et al., 2003). In our example, we presume that
based on pilot data the variance decomposition of
the patient quality of life outcome is about 50%
owing to clinics, 20% owing to therapists, and 30%
owing to patients. Our design also calls for covariates
at each level (e.g., patient history, therapist training,
clinic location and population served) such that we
expect that the covariates will explain about 75% of
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Figure 1. Power as a function of the number of clinics by test for a 3-3-1 mediation effect of 0.24 when (a) the number of
patients per therapist (n1) is 5 and the number of therapists per clinic (n2) is 2 and (b) the number of patients per therapist (n1)

is 10 and the number of therapists per clinic (n2) is 10.

the outcome variance at the patient- and therapist-
level but only about 50% at the clinic-levels.
Similarly, for the mediator, covariates are expected to
explain 75% of the variance. Presume that prior
research on this treatment suggests that the total
effect of the training on patient quality of life is
about 0.35 (standardized differences across condi-
tions) with the participation in the training shifting
administrative support (mediator) by a =0.60 (stand-
ardized differences across conditions) and the condi-
tional association between administrative support
and patient quality of life (standardized regression
coefficient scale) as B=0.40 such that the indirect
effect is 0.6 x 0.40 =0.24. Further, assume that the
direct effect of the treatment on patient quality of
life is 0.11 such that a simple decomposition of the
total effect (c) is 0.35=0.6 x 0.4+0.11 (c=aB+ ).
That is, let a=0.6, B=0.40 ¢ =0.11 R}, =0.5,
RL,=R,, = Rﬁ/lm =0.75. If we sample 5 Zpatients
pe? theraf)ist (n,), 2 therapists per clinic (1), how
many clinics do we need to achieve roughly
80% power?

To estimate the number of clinics needed, we used
the R package PowerUpR and the associated Shiny
application. We plot statistical power of the Sobel,

J

My, = my + m (X — X)) + nZ(Wf",_ W) + m,Q + e
Tor = Coo + Ty + (o1 Xy + L Wi + L2y + Uk

joint, and Monte Carlo interval tests for the indirect
effect against the clinic-level sample size (n3) in
Figure la. With the Monte Carlo and joint tests
approximately 78 clinics yield an 80% level of power
whereas the Sobel test would require 90 clinics to
produce a similar level of power.

It can be instructive to concurrently consider
complementary effects and alternative sampling
schemes. For instance, under this example the sample
size needed for an 80% chance of detecting the total
effect is approximately 75 clinics. Similarly, if we
are able to inflate the sample of patients per therapist
to 10 (n;) and the number of therapists per clinic
to 10 (n), we would need about 66 clinics to achieve
roughly 80% power (Figure 1b).

Therapist-level mediators

We next examine the power with which clinic-
randomized studies can detect indirect effects operat-
ing through an intermediate- or therapist-level (level
two) mediators (i.e., 3-2-1 mediation; see Figure 1b).
We modify the previous models (expressions (1) and
(2)) to allow for a therapist-level (level two) mediator
such that (e.g., Pituch et al., 2009)

& ~ N(0,07,)

(14)
ug, ~ N(0, 712\4\0)



We use M, as the mediator value for therapist j in
clinic k, X, as a therapist-level mean of a patient-level

covariate (with 7, as its path coefficient) and X, as its
clinic-level average (with (), as its path coefficient),
Wik as a therapist-level covariate (with 7, as its path
coefficient) and W, as its clinic-level average (with {;,
as its path coefficient), ij as a therapist-level variable
that varies only among therapist within clinics (no
variation among clinics) with n; as its path coef-
ficient,T) as the treatment assignment coded as *1/;
with associated path coefficient a, Z; as a clinic-level

covariate (with {; as its path coefficient), and sjj.}f and
ull as the therapist-, and clinic-level errors with
variances 012\,”0 and Tﬁdlﬂ that are conditional on the
fixed effects (0). We can further adjust the outcome
model such that

Yijk = ﬁoj‘k + ﬁ1(X,-jk —7)_(]»,() + ﬁzVijk + ng gi)jfk ~
k _i(k) +"/og(
Yook = Lo+ BM + Ty + & Xy + & W + EZ + vgy

Bojie = Yook + b2 (M — M) + 701 (X

Yiix is employed as the outcome for patient i in
therapist j in clinic k, X;jx as a patient-level covariate
(with B, as its path coefficient), Vjj as a patient-level
covariate that only varies across patients within
therapists (no variation across therapists or clinics)
M, as the

clinic-centered therapist-level mediator with coeffi-

with f, as its path coefficient, M; —

cient by, M « as the average of the mediator in clinic
k with path coefficient B, ¢’ as the treatment-outcome
conditional path coefficient, 7 as coefficients
for therapist-level covariates, ¢ as coefficients for
clinic-level covariates, and Ugok’ u()]k and eyk as

the clinic, therapist, and patient error terms with
. 2 2 2 e
variances Vyg, Ty and Ty conditional on the

fixed effects (0). By using group-mean centering
for the mediator, the clinic-level mediator-outcome
coefficient (B) captures the between or total
association between the mediator and outcome.

When assumptions are met, the 3-2-1 mediation
effect (ME) is summarized as the product of the
treatment-mediator (a) path coefficient and clinic-
level mediator-outcome path coefficient (B) paths:
ME;,; = aB. This mediation effect describes the
impact of the treatment on a patient outcome
as it works through the collective changes in
therapist beliefs.

MULTIVARIATE BEHAVIORAL RESEARCH 9

Error variance & power

For the a path, derivations suggest the error variance
(0'2) can be estimated as (see Supplemental Material
for outline)

o ( Tio T Ohgo/ 2 )
“ \(n3—Cu—1)p(1-p)
( (1 — RML3> +(1 RMLZ)G%VI/W) (16)
(ns —Cy — 1)p(1 = p)

In expression (16), we use 13, and o3, as

the unconditional clinic- and therapist-level mediator
variances, p as the proportion of clinics assigned to

the treatment condition, R ML3 and RML2 as the clinic-

and therapist-level mediator variance explained by
predictors in the mediator model (expression 14), and

N(0,03)
W) + 763 Qu + ”ék ”(;k ~ N(0, T%qo) (15)
Voor ~ N(0,39)

ny and n, capture the clinic- and therapist-level
sample sizes with Cy as the number of clinic-level
covariates in the mediator model (Cy; = 4 here). We
can further detail the variance explained in the mediator.
At the therapist-level the mediator variance explained
(R3,.) simply reduces to the variance explained by

covariates (R2

i = R2). At the clinic-level the variance
Z

explained (Rj},.;) can be approximated as

a’p(1 —
Rl = RMB + M (17)
M
For error variance of the B path, similar analyses
provide the following result

Vi + Thp/ 12 + 0%/ (12m1)
(n; — Cy — 1)(112\4‘9 + Uﬁdlg/nz)
vy(1 = Rin) + 75(1 — Riw)/mo + (1 — R o3/ (nam)
(n3 = Cy = 1)(ty(1 = R3pa) + (1 — Ry ) oy /ma)
(18)

2 _
Og =

For the B path,
error variance additionally draws on, t3,, and o7, as

the expression tracking the

the unconditional mediator variances at the clinic-

and therapist- levels and R?,, as the variance in the

ML3
clinic-level average mediator (M) explained by the
other clinic-level predictors in the outcome model
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(ie, T,X,W,Z) and Rj.,, =R as therapist-level

2
ML

Z
variance explained in the (centered) mediator by just
the covariates (i.e., (Xjx — Xi), (Wjx — W), Q).

We can additionally decompose the variance
explained at each level in terms of the principal path
coefficients. For the clinic-level outcome variance
explained (R}.;) we have

p(1—p)(aB+ )’

Ry =R}, + 5
Vy

Y3z

2 +ai/n 1 —p)a?
M+2M/ sz(l—p( ZP) ~ R,
vy T3 Z

(19)
For the therapist-level outcome variance explained

(R%,Lz) we can approximate it as

02
Ry =R+ (T—ZM b5(1 - R 1) (20)
z Y z

where M captures the clinic-mean centered therap-
ist values of the mediator (M = M — M,) and R},

represents the total therapist-level outcome variance
explained by covariates. Last, the outcome variance
explained at the individual-level (Riu) reduces
to just the variance covariates

(i.e, Rju = R3y).
Z

explained by

Standardizing the variance so that 13, + 03, =
put (1 —py) =1 and v+ 1} + 0% = py, + py,+
(1= py, — py,) = 1) places the paths on the standar-
dized mean difference scale (for a and ¢’) and a stand-
ardized regression coefficient scale (B).

With these results, the statistical power of our three
tests can be tracked in a manner analogous to the 3-3-1
analyses. We can simply substitute the abovementioned
error variances for the paths under the 3-2-1 design
for those in the power formulas for the 3-3-1 design.

Simulation

Similar to the 3-3-1 case, we assessed the accuracy of
our results using a comparable Monte Carlo simula-
tion. The results are outlined in the Supplemental
Material. The power and type one error levels of the
joint and the Monte Carlo tests were well predicted
by our formulas. However, predictions based on the
normal distribution for the Sobel test performed
poorly. Collectively, the results strongly supported the
use of the formulas for the joint and Monte Carlo
tests to identify requisite sample sizes and plan studies
but much less so for the Sobel test formulas.

IHlustration

Now take on the design of a study that plans to use a
clinic-randomized design to unpack the impact of a
training program (treatment) on patient quality of life
(outcome) as it operates through a therapist-level
mediator such as therapist beliefs in the value and val-
idity of the treatment. Drawing on our pilot data, we
expect that the variance decomposition of the patient
quality of life outcome is about 20% owing to clinics,
50% owing to therapists, and the remaining 30%
owing to patients. In addition, we must now also con-
sider the variance decomposition of the mediator—in
this example assume we anticipate that therapist
beliefs on the treatment are substantially clustered
within clinics such that the variance owing to clinic
differences in beliefs is about 40% while the remaining
60% owes to differences among therapists within clin-
ics. We still expect covariates explain about 75% of
the outcome variance at the patient- and therapist-
level but only about 50% at the clinic-levels. However,
for the beliefs mediator, we now anticipate that only
40% of the variance at each level will be explained by
covariates. If we retain the same effects sizes, we have:
a=06, B=040 ¢’=0.11, R%, =0.5R? R?

YZL3 - YZLZ - YL —

0.75, RJZWL3 = RIZ\/IL2 = 0.40. If we sample 5 patients per

therapist (n;), 2 therapists per clinic (#n,), how many
clinics do we need to achieve a roughly 80% power?

The power curves produced by our formulas and
PowerUpR are displayed in Figure 2. The analyses
indicated that the Monte Carlo interval test tended to
provide the most power and required only 35 clinics
for an 80% chance of detecting the indirect effect. The
joint test was a close second and required two add-
itional clinics whereas the Sobel test required 49 clin-
ics. For the total or main effect, an 80% level power
was produced with about 46 clinics.

A critical prediction in this and other examples is
the predictive capacity of the covariates. Recent
empirical research has begun to compile plausible
empirical values of such parameters for an increasing
range of outcomes and mediators (e.g., Hedges &
Hedberg, 2007; Phelps, et al., 2016). If the variances
explained in the mediator and outcome by covariates
were reduced, this would likely require many more
clinics. For example, if the variances explained in the
mediator and outcome by covariates were severely
reduced to, for example, 25% at each level (ie.,
R?@” = R%,ZLZ = R%,Z“ = Ri/g3 = Rﬁ/fgz = 0.25), 80% power
would only be reached once we sampled about 50
clinics under the joint and Monte Carlo intervals tests
(Figure 2).
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Figure 2. Power as a function of the number of clinics by test for a 3-2-1 mediation effect of 0.24 when the number of patients
per therapist (n1) is 5 and the number of therapists per clinic (n2) is 2 and (a) R}, = 0.5,R2, = R}, = O.75,R,2W3 =R, =0.40

and (b) R} = Rjp = Ry = Rys = Rjp = 0.25.

z

Patient-level mediators

Last, we consider a study design with a patient-level
mediator (i.e., 3-1-1 mediation). We begin by first
updating our mediator and outcome models to
incorporate the patient-level mediation. The mediator
model for the 3-1-1 design becomes

Mije = o + 1y (Xijk - Xjk) + 72 Vi + ‘92‘/llc
e ~ N(0,03)
Tojk = Cook + Cl(xjk - Xk) + Cz(ij - Wk) + é’stk + ”gjd'k
ugy ~ N(0,T39)
Cook =60 + aTy + ¢ X + Wi+ 632 + vgyy
Uoox ~ N(0,v4g9) (21)

In this extension, we use M, as the mediator value
for patient i served by therapist j in clinic k, X, as a
patient-level covariate (with 7, as its path coefficient),
X jk as a therapist-level mean of a patient-level covari-
ate and X, as its clinic-level average (with ¢, as its
path coefficient), Vi as a patient-level covariate that
only varies across patients within therapists (no vari-
ation among therapists or clinics) with 7, as its path
coefficient, Wy, as a therapist-level covariate (with {,
as its path coefficient) and W as its clinic-level aver-
age (with ¢, as its path coefficient), ij as a therapist-
level variable that varies only across therapists within
clinics (no variation across clinics) with (5 as its path
coefficient, T} as the treatment indicator with coeffi-
cient a, Z; as a clinic-level covariate (with ¢, as its
path coefficient), and 82-/{( as the patient-level error
term, uj‘,f as the therapist-level random effects, and v}
as the clinic-level random effects with respective var-
iances 0']2\4‘0, ‘512\4‘0, and VIZW, that are conditional on
the fixed effects (@). Similarly, we can modify the

= W=

outcome model to become

Vi = ﬁo;‘k + bl(Mijk - Mjk) + /31(ijk - Xjk) + By Vi + Ssz
e ~ N(0,0%,)

ﬁo;‘k =%Yook T bZ(Mjk - M) + Vol(Xjk - Xi) + Voz(ij - W)
+ 703 Qi + ”(});k
ugy, ~ N(0,7%)9)

Yook =Co + BMy + Ty + & X + LW, + &2, + Ugok

(22)
Voo ~ N(0,v55)

We use Y as the outcome for patient i in therapist
j in clinic k My —M; as the therapist-centered
patient-level mediator with coefficient b,M; — M, as
the clinic-centered therapy-level mediator with coeffi-
cient b,, M, as the average mediator value in clinic k
with coefficient B, ¢’ as the direct relationship between
the treatment and -outcome, 7y as coefficients
for therapist-level covariates, ¢ as coefficients for clinic-

. Y Y Y . .
level covariates, and vy, Ugji and Ej as the clinic,
therapist, and patient error terms with variances V%vﬂo’
112\4‘0, and 0"12\,”0 conditional on the fixed effects ().

When using group-mean centering for the mediator,
the clinic-level coefficient (B)
captures the total association between the mediator
and outcome—in this context this indicates that B
thus captures the patient-level mediator-outcome
association, therapist-level
association, and the clinic-level mediator-outcome

mediator-outcome

mediator-outcome

association.

When assumptions are met, the 3-1-1 mediation
effect (ME) is once again summarized as the product
of the treatment-mediator (a) path coefficient and
clinic-level mediator-outcome path coefficient (B)
paths: MEs;; = aB. Like the previous 3-2-1 effect,
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the product of a and B describes the impact of the
treatment on a patient outcome as it works through
the collective changes in patient levels of motivation.

Error variance & power

Similar to prior analyses we first delineate the
error variances of the individual path coefficients that
comprise the indirect effect. For the a path error
variance (¢?), the results indicate that

) "?/1\9 + T12\4|0/”2 + 6%/1\9/(”2”1)
0° =
¢ (3 — Cy — 1)p(1 = p)
Mu) + 1 (

(AR 2 (1
(n3 —
L)

Extending previous explications, we use vy, Ty,
and 6%, as the unconditional clinic-, therapist-, and
ML%J R?V[LZ)
and RML1 represent the clinic-, therapist-, and patient-

MLZ)/nZ + (
Cv — 1)p(1 —p)

Mu )Uzzw/(nznl)>

(23)

patient-level variances of the mediator, R2

level mediator variance explained by predictors in the
mediator model (expression 22).

We can again restructure the error variance to
draw on the primary path coefficients. The clinic-level
mediator variance explained expands to

2
Ry = Ry +1% (24)

where R}, is the variance explained by covariates
7

at the clinic—level. Similarly, the total therapist- (wa)
and patient-level (Rﬁdu) mediator variance explained
reduces to just the variance explained by covariates;
that is, Rj., =Rj. and Ry, =R}, with R},

Z Z Z

and R}, as the variance explained by covariates
7

at each level.
Similarly, the error variance of the B path
now becomes

[ 8}

the other clinic-level predictors in the outcome model
(ie., T,X,W,Z), R}, as the therapist-level variance
explained in the (centered) mediator by the predictors
(i.e., (X]k —Xk) ( jk — Wk) Q)
patient-level variance explained in the (centered)
jk)’ V)
Consonant with the previous designs, we can also
delineate the variance explained terms in order to link
them to the core paths defining mediation. The total
outcome variance explained at the clinic-level (R@B)

and RML1 as the

mediator by the predictors (i.e., (X —

decomposes into

p(1 P)(ﬂB +c)? VM + /12 + aiy/ (nam)

2
vy Vy

—p)a? 2
Bz(l—p(l Zp)a —RE ) (26)

Ry = Rw +

Ym

with RYL3 as the clinic-level variance explained
by covariates.

For the outcome variance explained at the therap-
ist-level (R%m), we can re-express it as

2 +a2/n)(1—1/n
R = Ry + (( i+ o/ m)1 = 1/
Y

b2(1 — Rﬁg) (27)

with R%,, as the total therapist-level outcome variance
Y p
7

explained by covariates (e.g, X;—X;, Wy—W,
and ij).

Applying a similar analysis at the patient-level
returns to the following expansion for the total
patient-level variance explained (R%,Ll)

Ry =RY 2+< >b2( i;) (28)
Y

with Ri/[“ as the variance explained by patient-level
7

covariates (e.g., X;; — Xjk and Viy).

Vi + o/ M2 + 0%/ (n211)

)
=
|

(13— Cy = (W + Typ/m + 035/ (mam1))
_ vi(1 RyLS) +13(1 = Ry)/my + (1 — Ry )0y / (namy) (25)
(13 — Cy — 1)( ( RMLB) + TM( MLz)/”Z + (1 RMLl)OF%VI/(”znﬂ)
The error variance now includes v3;, j;, and o3, Once again standardization of the mediator

as the unconditional mediator variances at the clinic-,
therapist-, and patient-levels and R, as the variance

in the clinic-level average mediator (M) explained by

and outcome by the total variance places them on
a standardized mean difference scale (a and ¢’) and a
standardized regression coefficient scale (B). Like prior
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Figure 3. Power for 3-1-1 mediation as a function of the number of clinics as observed in the simulation (solid line) and predicted
using formulas (dash) by test (s for Sobel, j for joint, and m for Monte Carlo interval tests) when the number of therapists
per clinic is 6 (n2) and the number of patients per therapist is 6 (n1).

analyses, the statistical power of the three tests can
be traced in a manner parallel to the 3-3-1 and 3-2-1
analyses. We simply substitute the abovementioned
error variances for the paths under the 3-1-1 design for
those in the power formulas for the previous designs.

Simulation

We assessed the accuracy of our results using a Monte
Carlo simulation. Our simulation results regarding
our formula-based predictions and the observed
power and type 1 error rates for 3-1-1 mediation
are provided in Table 1. The results are consistent
with those regarding 3-3-1 and 3-2-1 mediation.
Comparisons between the simulated and predicted
rates are well aligned for the joint and Monte Carlo
tests while such comparisons for the Sobel test sug-
gested that with small multilevel samples the resulting
expressions incurred some error. The comparisons
between the predicted and observed power rates are
further illustrated in Figure 3 under a sample of 6
clinics (n,) and 6 patients (n;). Evident from Figure 3,
the power of the Monte Carlo and joint tests are well
captured by the proposed formulas but predictions of
the Sobel test are error prone.

IHlustration

Continuing with clinic-randomized design, we can now
consider power analyses for a study that probes a
patient-level mediator (i.e., 3-1-1 mediation). That is,
we are now interested in identifying a sample size that
achieves an 80% level of power to detect the extent to
which the impact of the clinic-based training program
on patient quality of life (outcome) operates through
patient motivation (mediator). We anticipate similar
parameter values for the outcome and effects as before.
However, we presume the variance decomposition of
the patient quality of life (outcome) to be

o _
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(=]
© _
- o
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Figure 4. Power as a function of the number of clinics by test
for a 3-1-1 mediation effect of 0.24 when the number of
patients per therapist (n1) is 5 and the number of therapists
per clinic (n2) is 2.

approximately 20% owing to clinics, 30% owing to
therapists, and the remaining 50% owing to patients.
For the patient motivation (mediator), we assume that
the variance decomposition is approximately 25%
owing to clinics, 25% owing to therapists, and the
remaining 50% owing to patients. Furthermore,
we expect covariates to explain about 50% of the
variation in patient motivation at each level. That is,
we anticipate the following parameter values:
a=06, B=040 =011 Ry, =05R}, =R}, =
0.75, Ry = Ry, = Riy = 0.5 If we “sample 5
patients per therapist (rn;), 2 therapists per clinic (n,),
how many clinics do we need to achieve a roughly
80% power?

Our power analyses indicates that under the Monte
Carlo interval test roughly 48 clinics would vyield
a power level close to 0.80 (Figure 4). For the joint
test we would need about three more clinics for
a total of 51 while for the Sobel test we would need
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about 61 clinics. Under the same conditions, by
contrast, we would need around 42 clinics to have a
power level of 0.80 to detect the total effect.

Discussion

Prospective planning of multilevel studies is increasingly
common across a broad array of disciplines (e.g., Evans,
2003; Gottfredson et al., 2015; IES, 2019; Kelcey et al.,
2017; Spybrook et al., 2016; Windgassen et al., 2016). In
this study, we expanded the basis for the design of such
studies by developing methods and software to compute
the statistical power associated with mediation in three-
level cluster-randomized trials for mediators at each
hierarchical level. Our results identify the parameters
governing power, outline the potential capacity of multi-
level studies to detect mediation effects, and guide
researchers in selecting sample sizes that ensure
a chosen level of power.

A historically important question of multilevel
designs is the extent to which the sample sizes they
demand are practically feasible within the context of dif-
ferent fields. Although a careful analysis of this question
within and across different fields is beyond the scope of
this study, our simulations and example applications
provide an initial (but qualified and complex) outline of
the scale that may be required to achieve common levels
of power under a three-level cluster-randomized design.
Even though regarding a sample as large- or small-scale
depends heavily on context, our examples collectively
suggest that adequate power will frequently demand
clinic-level samples that are somewhat large but compar-
able to that needed to detect total effects. In our applica-
tions, for instance, designs with predictive covariates
required samples on the order of 30-80 clinics with 2
therapists/clinic and 5 patients/therapist to produce an
80% chance of detecting mediation effects (see Table 1
and Figures 2-4). In each of these examples, the number
of clinics needed to produce a similar level of power for
the total effect was only moderately higher or lower
than that for mediation effects—and more generally the
sample sizes required for both effect were on the same
order of magnitude.

Further analysis of the resulting error variance and
power expressions, however, suggests that the devel-
opment of prospective design strategies for detecting
mediation effects will be complicated and qualified.
Many of the design principles known for improving
the power to detect total effects will remain useful in
some contexts but may also fail in other contexts. For
instance, parameters associated with the outcome will
typically influence mediation power in ways that

parallel power for the total effect—e.g., covariance
adjustment on variables that are prognostic of the out-
come will improve efficiency and the power to detect
both total and mediation effects.

However, applying a similar covariance strategy to
the mediator model may fail. Conditioning on covari-
ates that explain mediator variance can diminish or
improve the power to detect mediation effects because
it decreases the error variance for the a path but it
also possibly increases the error variance of the B path
through collinearity effects (e.g., Beasley, 2014). More
generally, parameters associated with or involving the
mediator can have complicated and at times paradox-
ical relationships with power.

As a result, a pressing conclusion from our prelim-
inary survey of parameter values and sample sizes is
that power is a complicated function of the full array
of parameter values rather than principally driven by
just a few parameters as is typically the case with total
effects. As another illustrative case in point, consider
the relationship between power and effect size.
Although power has a simple monotonic relationship
with the magnitude of the total effect, the relationship
between power and the magnitude of the mediation
effect is much more complicated and influenced by the
decomposition of the mediation effect and the values
of concomitant parameters. For example, increasing the
magnitude of the mediation effect by increasing the a
path coefficient and holding the B path coefficient con-
stant can actually reduce power because power is
dependent on both the magnitude of the mediation
effect and its decomposition (e.g., Beasley, 2014).

The net implication of these results is that well-
designed studies probing mediation will require good
empirical estimates of parameter values (e.g., Hedges &
Hedberg, 2007; Kelcey & Shen, 2016). To some extent,
many fields have been actively developing and compil-
ing empirical estimates for design purposes (e.g.,
Hedges & Hedberg, 2007; Westine et al., 2013; Dong
et al., 2016; Kelcey & Shen, 2016). These types of stud-
ies have, however, largely limited their scope to parame-
ters associated with total effects and two-level designs—
although there are some recent exceptions that have
expanded these efforts (see e.g., Hedges et al., 2012;
Kelcey et al., 2019; Kelcey & Phelps, 2013a; Kelcey &
Phelps, 2013b; Roth et al., 2019; Westine, 2016).

Despite the potential accessibility and utility of the
formulas developed in this study, they have several
limitations. Our analyses did not consider more com-
plicated designs and structures that draw on, for
example, partially nested assignment mechanisms,
cross-classified nesting structures, random slopes,



moderated mediation or those that intend to probe
the collective contribution of multiple mediators.
Similarly, our results do not address the broad range of
outcomes types (e.g., ordinal or count mediators and
outcomes) often found in psychological and behavioral
research (e.g., Sterba, 2017). These are important con-
siderations and areas for subsequent research.

In conclusion, the intersection of our results and
the increasing interest in appraising more comprehen-
sive sets of effects suggests there is a growing need to
expand the scope of the design literature to include
empirical assessments of parameters that govern the
detection of a broad range of effects. For instance,
there is an increasing press for studies to routinely
examine not just whether a treatment works (i.e., total
effect) but also how a treatment works (i.e., mediation
effects) and for whom and under what conditions it
works (i.e., moderation effects; e.g., IES, 2019). Our
work delineates the parameters that govern the effect-
ive and efficient design of three-level cluster-random-
ized trials probing mediation—however, effective use
of these results involves the development of empirical
values for a diverse set of mediators. In this way,
empirical investigation and compilation of parameter
values for diverse sets of effects and designs surfaces
as a critical hurdle to the widespread implementation
of rigorous and efficient study designs.
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