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Abstract

Multilevel mediation analyses play an essential role in helping researchers develop, probe, and refine theories of action under-
lying interventions and document how interventions impact outcomes. However, little is known about how to plan studies with
sufficient power to detect such multilevel mediation effects. In this study, we describe how to prospectively estimate power and
identify sufficient sample sizes for experiments intended to detect multilevel mediation effects. We outline a simple approach to
estimate the power to detect mediation effects with individual- or cluster-level mediators using summary statistics easily obtained
from empirical literature and the anticipated magnitude of the mediation effect. We draw on a running example to illustrate
several different types of mediation and provide an accessible introduction to the design of multilevel mediation studies. The
power formulas are implemented in the R package PowerUpR and the PowerUp software (causalevaluation.org).

Keywords Mediation - Power - Indirect effects - Multilevel models - Sample size determination

A common line of inquiry in prevention science studies is to
investigate the intermediate behaviors or attitudes that trans-
mit the effects of an intervention on an outcome (Gottfredson
et al. 2015). In many instances, these types of investigations
take place within multilevel contexts and, as a result, include
the examination of not only individual behaviors but also the
collective behavior of individuals within a cluster (e.g., Krull
and MacKinnon 2001). The predominant approach in these
types of investigations is to test the sequence of relationships
connecting an intervention, mediator, and outcome through a
multilevel mediation framework (Pituch and Stapleton 2012;
Zhang et al. 2009). The goals of such studies are typically to
unpack the processes whereby an intervention impacts an
individual- or cluster-level mediator variable lying along the
intervention-outcome pathway and how those changes in the
mediator are then translated into changes in an outcome.
Such inquiries advance scientific theory by building a mul-
tilayered body of evidence regarding if, how, and why an
intervention impacts an outcome. Investigation of the
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transmission channels of an intervention can help develop
component-specific evidence regarding the theory of action
guiding that intervention as well as evidence regarding the
effectiveness of the entire system or intervention (e.g.,
Gottfredson et al. 2015). For these reasons, (multilevel) medi-
ational analyses have been widely used across many disci-
plines (e.g., Williams and Glisson 2014).

Similar to other types of inquiry, the quality and utility of
inferences drawn from a mediation study are heavily contin-
gent upon the maturity of the intervention theory and the cor-
responding study design. For instance, mediation studies are
typically limited by the extent to which theory has identified
and delineated alternative causal connections that would com-
pete with or supplant the working theory of action (e.g., se-
quential ignorability). Well-designed multilevel experiments
that measure the mediator and outcome in a temporal se-
quence along with potential confounding variables, however,
can to some extent relax these limitations and improve the
quality of inferences regarding intervention and mediation
effects (e.g., Pituch and Stapleton 2012). For instance, there
is a growing body of literature that describes how addressing
the core assumptions that support mediation inferences (e.g.,
sequential ignorability, stable unit treatment value assump-
tion) and employing specific design features (e.g., random
assignment, observation of potential confounding variables,
sufficient sample sizes) can be leveraged to understand and
improve interpretation, reduce bias, increase precision, and
buttress the overall quality of evidence produced through
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mediation studies (e.g., VanderWeele 2010; Kelcey and Shen,
in press; Cox and Kelcey, in press).

One key to ensuring that these types of investigations
will be well-positioned to produce clear evidence regard-
ing hypotheses is identifying sample sizes that will pro-
vide a sufficient level of precision to detect anticipated
effects (e.g., Spybrook et al. 2016). Although both meth-
odological research on multilevel mediation and its appli-
cations in substantive areas continue to be quite active, a
significant gap in this literature is determining sample
sizes that provide a sufficient level of power to detect
mediation effects if they exist. From a prospective design
view, there is little research or software on how to calcu-
late the power to detect multilevel mediation effects or the
degree to which it is feasible to design multilevel studies
with sufficient power under sample sizes that are typical
for a particular area.

In this study, we develop simple calculations and soft-
ware to estimate power for multilevel mediation effects
under cluster-randomized designs. We detail and illustrate
the sensitivity with which two-level hierarchical designs
can detect the production of the core mediation paths—
the path linking the treatment and the mediator and the
path linking the mediator and the outcome. The scope of
our analyses includes statistical power when considering a
cluster-level or individual-level mediator. Tracing the sen-
sitivity of hierarchical designs to detect mediation effects
is essential to the principal aims of mediation studies—to
assess theories of action—because the sensitivity of these
designs constrains the types of evidence tests of multilev-
el mediation can bring to bear on theories of action under
particular sample sizes.

We detail these methods as follows. First, we set up an
example to provide an applied context to our work and to
serve as a common illustration across different types of medi-
ators and mediation effects. Second, we use this example to
outline the statistical power to detect multilevel mediation
when the mediator is a cluster-level variable. Third, we extend
this work and example to designs that probe multilevel medi-
ation with an individual-level mediator. At the end of each
section, we present illustrations of the power calculations.
We end with a discussion.

lllustrative Example We begin by outlining a running ex-
ample in order to describe mediation concepts and their
application. We consider the design of a multilevel medi-
ation study that assesses the potential pathways through
which health practitioner participation in a training pro-
gram on effective patient consultation (intervention) af-
fects their use of an evidence-based counseling approach
termed motivational interviewing (outcome). Our running
example focuses on hierarchical designs that nest practi-
tioners within community health organizations and assign
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those organizations (and all their respective practitioners)
to a training program or control condition. We then inves-
tigate the extent to which the impact of participation in an
organization-assigned training program (cluster-level
intervention) on the motivational interviewing practices
of practitioners (individual-level outcome) operates
through different types of intermediate variables (cluster-
or individual-level mediators).

Motivational interviewing is a patient-centered counseling
approach that encourages practitioners to proactively share
and discuss with patients the potential problems and risks
associated with a particular behavioral practice (Schwartz,
2010). Prior literature has demonstrated consistent evidence
of the critical role this type of interviewing can play in im-
proving patient outcomes. This example is also part of a wider
and growing literature focused on how researchers can im-
prove the dissemination and adoption of evidence-based be-
havioral practices by healthcare practitioners in, for example,
community health organizations.

Theories of action for this example have typically focused
on models of social diffusion and implementation to outline
how practices are taken up, implemented, and sustained by
organizations (Schwartz, 2010). However, there is a growing
recognition of how little is known about the specific processes
of translating empirical evidence about the efficacy of certain
practices into widespread use by healthcare practitioners in
social organizations.

Within this context, we consider two different types of
processes and mediating variables. The first example tar-
gets an organizational process and examines the mediat-
ing role of a cluster- or organization-level variable that
describes variation among organizational units and is con-
stant among practitioners within organizations. In this lit-
erature, prevalent types of organizational mediators are
those describing organizations’ climate or the conditions
under which practitioners operate within particular orga-
nizations (e.g., Williams & Glisson, 2014). We take up
one possible operationalization of this construct—direc-
tors’ readiness for change as reported by the director of
each organization (TCU 2005). The theory of action typ-
ically suggests that training in the benefits of an effective
practice cultivates directors’ readiness to support and im-
plement the changes, and this director-guided support
subsequently promotes the use of the practice.

Because director readiness for change is measured
using the reports of the directors at each organization, it
represents an organization-level mediator in that it cap-
tures only differences among organizations and not differ-
ences among practitioners within organizations. As a re-
sult, with this first type of cluster- or organization-level
mediator, we consider a form of 2-2-1 or upper-level me-
diation where the number acronym indicates the levels of
the treatment (level 2), mediator (level 2), and outcome
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(level 1). In 2-2-1 upper-level mediation, we assess the
flow of treatment effects from an intervention assigned
at the organization-level through an organization-level
mediator to a practitioner-level outcome.

The second example process we consider involves an
individual- or practitioner-level mediating variable that tracks
variation among individual practitioners and thus is not con-
stant within organizations. One common practitioner-level
mediator in this literature is practitioners’ attitudes toward
the evidence-based practice. Theories of action often suggest
that adoption of a new practice is preceded by changes in
attitudes regarding that practice. With a practitioner-level me-
diator, the analysis is often referred to as 2-1-1 mediation
because it considers how the impact of an organization-level
treatment (level 2) impacts a practitioner-level (level 1) medi-
ator in ways that yield improvements in a practitioner-level
outcome (level 1).

Practitioner attitudes represent an individual-level mediator
in that they capture differences among practitioners. However,
practitioner attitudes can also be used to document differences
among organizations in terms of context and these differences
may represent additional mediator pathways. For instance,
within many organizations, the collective sentiment of practi-
tioners at that organization toward a practice may further cul-
tivate or complicate the use of that practice. For this reason,
many theories of action intentionally incorporate and leverage
the role of cluster dynamics in shaping outcomes.

The most common operationalization of collective senti-
ment or attitude in this context is to consider its
organization-level mean. Within this regard, mediation analy-
ses consider how exposure to a training program affects the
use of a practice by probing how exposure produces changes
in individual attitudes and how exposure alters the organiza-
tional context brought about by changes in the collection of
individual attitudes. As a result, it is common in studies with
individual-level mediators to detail the flow of treatment ef-
fects as they pass from a treatment assigned at the
organization-level through both practitioner-level attitudes
and collective attitudes to an outcome measured at the practi-
tioner-level. For this reason, our analyses with practitioner-
level mediators consider overall, lower- and upper-level
mediation.

2-2-1 Mediation

We first outline statistical power for experimental designs
tracking organization-level mediators (i.e., 2-2-1 mediation;
see Fig. 1a). Our analyses concentrate on designs that assign
organizations at random to a control or treatment condition (7)
and assess its impact on a continuous practitioner-level out-
come through a continuous organization-level mediator ().
In our example, this may translate into assigning organizations

to a training program or a control condition with the intention
of assessing its impact on eventual use of that practice as it
operates through changes in director readiness for change. Our
multilevel mediation formulation is

Mj:7r0+aTj+7r1Wj+7rz)7j+E§/1 6§/1~N(07012m) (la)

Yy = Bo;+ B (X;,ﬁ?,-) +6,Vi+e) ej~N (07 f’zy\> (1b)

Boj = Yoo + M ; + ¢ T+ v W)+ 702X +1o;  ugi~N (07 T%’\)
(Ic)

For the mediation model (1a), we use M; as the mediator for
organization j, W; as an organization-level covariate with 7; as
its coefficient, X;; as a practitioner-level covariate for practi-
tioner 7 in organization j that potentially varies across individ-
uals with organizations but also across organizations, X ; as
the aggregate of a practitioner-level covariate with m, as its
coefficient, 7} as the randomly allocated treatment with a cap-

turing the treatment’s impact on the mediator, and sj” as the
error term with conditional normal distribution £} ~N (0, a@) .

For our healthcare example, the mediation model tar-
gets how exposure to a training program changes a direc-
tor’s readiness for change. Our formulation additionally
incorporates the possibility of organization-level covari-
ates and aggregated practitioner covariates. Organization-
level covariates might include, for instance, directors’ pre-
treatment levels of readiness for change whereas aggre-
gated practitioner covariates might include the average
pretreatment use of the targeted practice by practitioners
at an organization. Random assignment of the treatment
ensures that, in expectation, there are no variables that
confound the association between treatment assignment
and mediator values. However, including covariates that
explain variation in the mediator can often improve the
statistical precision with which we can estimate the
treatment-mediator relationship (a path) and ultimately
the mediation effect.

For the outcome model (1bc), we use a linear mixed
model with ¥;; as the outcome for practitioner i in organi-
zation j, Xj; as a practitioner-level covariate with coeffi-
cient 3y, V;; as a practitioner-level covariate that only varies
among individuals within organizations with coefficient
0>, and 65 as the level 1 error term with conditional normal

distribution 5§~N (0, o%,l) At the organization-level, 7¢;

and ~q, are the path coefficients for the organization-level
covariate W and aggregate of the practitioner-level covari-
ate X, b as the conditional relationship between the medi-
ator and the outcome, cas the direct effect of the treatment,
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Fig. 1 Path diagrams for a 2-2-1
mediation, b 2-1-1 mediation

under no centering and T .
decomposition approach, ¢ 2-1-1 -J
mediation under cluster-mean Cluster-level
centering and decomposition
approach, and d 2-1-1 mediation
under the cluster-level mediation

Individual-level

Cluster-level

Individual-level

only approach

Cluster-level
Individual-level

Cluster-level

Individual-level (MU _Mj) T19 )/U

and ug,; as the organization-level random intercept with
conditional normal distribution uo;~N (0, T§,‘>.

Using our running example, the outcome model delin-
eates how changes in director readiness for change are as-
sociated with improved use of motivational interviewing by
practitioners, while controlling for exposure to the training
program. Like the mediation model, the outcome model also
incorporates the possibility of conditioning on covariates so
that estimates control for confounding variables. However,
in the outcome model, inclusion of covariates will typically
be required in order to address the potential for confound-
ing—the possibility that the observed mediator—outcome
association is attributable to another variable.

When assumptions regarding causal inference and the
model (see VanderWeele 2010; Kelcey et al. 2017 for
details) are met, the 2-2-1 multilevel mediation effect
(ME) is typically estimated using the product of the
intervention-mediator (a) and mediator—outcome (b) paths
ME,», =ab.' The mediation effect maps out the impact of
the intervention on the outcome as it acts through changes
in the organization-level mediator. From a practical per-
spective, this mediation effect captures how changes in
director readiness for change brought about by participa-
tion in a training program manifest as changes in practi-
tioner use of motivational interviewing.

We note that our presentation makes a simplifying as-
sumption in that does not incorporate a treatment-mediator
interaction. The implication of this assumption is that ex-
posure to the treatment is assumed to impact the outcome
through changes in the mediator but not through changes in
the magnitude of the mediator’s relationship with the out-
come. This assumption can be relaxed by including inter-
actions and the accompanying extensions regarding

! Core 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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indirect effects, their error variance and the resulting power
are detailed in the literature (Kelcey et al. 2017).

Effect Size If we standardize the outcome and mediator to
have an unconditional mean of zero and unit variance (i.e.,
o3, = 1,73 + 0% = py + (1-py) = 1), the organization-
level outcome variance can now be interpreted as the
intracluster correlation coefficient (py). The magnitudes of
the a (treatment-mediator) path and ¢’ (direct effect of the
treatment on the outcome) path are positioned on a stan-
dardized mean difference scale whereas the b (mediator—
outcome) path is located on a standardized regression coef-
ficient for an organization-level variable. Alternatively, on
the basis of prior multilevel literature, (Stapleton, Pituch,
and Dion, 2015) proposed three different mediation effect
sizes that better suit clustered experiments: (a) a single-
cluster effect size, (b) a multi-cluster or broad population
effect size, and (c) a cluster-level effect size.

The single-cluster effect size (d,,) focuses on changes
in individual outcomes within a cluster and can be used to
describe the standardized mediation effect if the treatment
were implemented within a single site. To obtain the
single-cluster effect size, we can divide the mediation ef-
fect by the unconditional individual-level outcome stan-
dard deviation (d,, = ab/oy).

In contrast, the multi-cluster or broad population effect
size (d7) concentrates on changes in individuals when the
treatment is implemented across many clusters in a popula-
tion. It is estimated by dividing the mediation effect by the
square root of the total outcome variance that remains after
conditioning on the treatment only (Jy | 7). This total variance
can be obtained as Jyr = Ti(l—%;v)(ab +)?) +o3.
Last, the cluster-level effect size describes effects as they
impact cluster-level outcomes (e.g., average use of interviewing
across all practitioners at an organization). It is estimated
by dividing the mediation effect by the square root of
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the cluster-level outcome variance that remains after condi-
tioning on the treatment only (7y | 7). The variance can be
estimated as 7y = 7} (17% (ab+¢)?).

Power Analysis Our approach focuses on tracking statistical
power under the Monte Carlo interval test. The relative and
absolute accuracy of this test as well as its type 1 error rate and
power have been widely tested and shown to perform very
well across multiple criteria (e.g., Preacher and Selig 2012;
Kelcey etal. 2017; Kelcey et al. 2017). Critical to the planning
phase (as opposed to analytic phase), this test can be employed
before data collection.

The Monte Carlo interval test is a resampling-based al-
ternative to Sobel-like tests. The primary advantage of the
Monte Carlo interval test is that it uses resampling to track
the sampling distribution of the mediation effect under finite
sample sizes rather than asymptotic approximations of that
distribution (Preacher and Selig 2012). To obtain samples
from the distribution of the mediation effect, the Monte
Carlo interval test employs the primary path coefficient es-
timates and their error variances. With a sufficient number
of draws, we can estimate the sampling distribution of the
estimated mediation effect and test a hypothesis of no me-
diation effect by assessing whether specific confidence in-
tervals include zero. This approach has proven valuable in
the literature because it accommodates the asymmetries in
the distribution of the estimated mediation effect that arise
from, for example, small sample sizes or disparate path
magnitudes, while returning a consistently robust perfor-
mance relative to bootstrap-based and other methods.
However, the Monte Carlo interval test additionally pro-
vides two key advantages. First, it can be employed without
access to full data or during the design phase when no data
are available. Second, estimates of the power of this test do
not require complex and computationally intensive resam-
pling or Monte Carlo simulation because the test and confi-
dence intervals can be reduced to resampling only simple
sufficient statistics.

Under maximum likelihood estimation of the parameters,
we apply the Monte Carlo confidence interval test by sam-
pling from a multivariate normal distribution for the estimated
path coefficients. The vector of means is set to the anticipated
values for the @ and b path coefficients and the covariance
matrix is set to have diagonal terms equal to the corresponding
path error variances and zero covariance (Kelcey et al. 2017).
To track power in relation to hypothesized path coefficients in
the planning stages, we derived the implied error variances as
functions of three types of summary statistics that are common
in the literature: (a) the primary path coefficients (i.e., a, b, ¢’),
(b) the variance explained in the outcome at each level by

covariates (R}, andR;, ) and the variance in the mediator
WX xv

(Rzzwwy ) explained by covariates, and (c) the unconditional

intracluster correlation coefficient of the outcome (py)—see
Table 1 for a summary of the parameters as well as examples.
Similar to the anticipated magnitude of a main or total inter-
vention effect, values for the first type of summary statistic
(primary path coefficients) will typically be developed by con-
sidering the nature of the intervention, the sensitivity of the
mediator and outcome to intervention effects, and empirical
benchmarks for effect sizes regarding the mediator and out-
come (e.g., Phelps, Kelcey, Liu, and Jones 2016; Kelcey et al.
2017).Values for the second and third type (variance explained
by covariates and variance decompositions) will commonly
come from prior empirical literature (e.g. Kelcey et al. 2017,
Kelcey and Phelps 2013).

We then approximate the sampling distribution of a
mediation effect with the production of ¢ and b*with
power as the proportion of asymmetric intervals (e.g.,
95%) that exclude zero. The result is that by specifying
the mediation path coefficients, the variance explained
by covariates, and the variance decomposition of the
outcome, we can quickly estimate the sample size need-
ed to achieve a specific power level for detecting me-
diation effects.

Illustration

As previously outlined, consider the design of a multilevel
mediation study that assesses the extent to which an
organization-wide training program (intervention) impacts
practitioner use of motivational interviewing (outcome) by
cultivating directors’ readiness for change (mediator).
Assume that based on prior literature, we anticipate that the
intracluster correlation coefficient for the outcome will be ap-
proximately 0.30 (py) and that the covariates will explain 60%
of the outcome and mediation variance at each level
R, =R, = Rzzww;( =0.60 ). Such an assertion suggests

Yk _ vh
WX xyv
that prior empirical research documenting the prognostic ca-
pacity of the covariates absent the intervention would point to
the covariates reducing the unconditional mediator and out-
come variances by 60% at each level. If we standardize the
outcome and mediator, the resulting (initial) conditional me-

diator variance would become 0%4\ = 0.40 whereas the condi-
tional outcome variance at the organization- and practitioner-
level would decrease to 7'2” =0.12 and a%,‘ = (.28 (consider-
ation of the mediator and treatment subsequently further re-
duces these conditional variances). Further hypothesize that
the mediation path is composed of ¢ =0.6 and »=0.3 and the
direct effect is ¢’=0.10. The conditional mediator variance is
now 012\4| = 0.31 whereas the conditional outcome variance at
the organization- and practitioner-level would decrease to
73 = 0.0725 and o3, = 0.28. Let us assume that we intend

to assign 50% of the organizations to the intervention
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Table 1 Summary of parameters needed to estimate power in a 2-2-1 study
Parameter Parameter Label Example
value
Alpha level (o) 0.05 Probability of a type 1 error Rejecting the null of no mediation effect when an effect
truly does not exist
Effect size: a 0.60 Treatment-mediator path coefficient as Impact of organizational training on directors’ readiness for
standardized mean difference change
Effect size: b 0.30 Mediator—outcome path coefficient as Conditional association between directors’ readiness for
standardized regression coefficient change and practitioner practices
Effect size: ¢’ 0.10 Direct treatment-outcome path coefficient as Conditional association between organizational training and
standardized mean difference practitioner practices
Outcome intraclass 0.30 Proportion of variance in outcome that is between Proportion of variation in practitioner practices attributable
correlation (py) clusters to differences among organizations
R*y1, 0.60 Proportion of outcome variance at Proportion of variance among practitioners in their practice
individual-level explained by individual-level explained by pre-intervention use of similar practices
covariates (same as R2YL1 )
xv
Ryia 0.60 Proportion of outcome variance at cluster-level ~ Proportion of variance among organizations in their practice
explained by cluster-level covariates explained by directors’ readiness for change prior to the
(excluding the treatment and mediator) intervention (same as R%,[_z_ )
wXx
R*m 0.60 Proportion of mediator variance explained by Proportion of variance among organizations in their
cluster-level covariates (excluding the directors’ readiness for change that is explained by
treatment) directors’ pre-intervention readiness for change (same as
2
RM WX )
n (average cluster 30 Mean number of individuals per cluster Number of practitioners per organization sampled (same as
size) (harmonic mean recommended) ny)
J (sample size [# of 42 Total number of clusters Number of intervention and control organizations sampled
clusters]) (total = treatment + control) (same as n,)
P 0.50 Proportion of level 2 units randomized to Proportion of organizations in the intervention condition
treatment: Jt / (Jr +J¢)
Mediation effect 0.18 ME =a*b The effect of training on practitioner practices that operates
(ME) through directors’ readiness for change
Power (1-f3) for ME:  0.71 Statistical power to detect the mediation effect ~ Power under an asymptotic approximation
Sobel test (ME) for two-tailed test using Sobel test
Power (1-f3) for ME:  0.89 Statistical power to detect the mediation effect ~ Power under concurrent tests of the individual path
Joint test (ME) for two-tailed test using joint test coefficients
Power (1-f3) for ME: 091 Statistical power to detect the mediation effect ~ Power under the resampling-based Monte Carlo interval test

MC

(ME) for two-tailed test using Monte Carlo
simulation (5000 replications)

(P = 0.50) while sampling 30 practitioners within each organi-
zation (n,). How many organizations must we sample to have a
90% chance of detecting the mediation effect?

We conducted the power analyses using the PowerUp-
Mediator Excel-based macro (Dong, Kelcey, Spybrook, and
Maynard 2017). Figure 2 provides a screenshot of the user
interface for the 2-2-1 module—it provides a label and a brief
description of the parameters needed to evaluate power and
then asks users to input the relevant values of these parame-
ters. It provides three statistical tests of mediation. The first
test is the historical Sobel test based on asymptotic approxi-
mation. The second test is the joint test that draws inferences
based on the significance of the individual path coefficients—
support for mediation is inferred when both paths are non-
zero. Power for both of these tests can be estimated using
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closed-form solutions and, as a result, once a parameter value
has been modified, the power is automatically updated for the
Sobel and joint tests. The third test implemented is the Monte
Carlo interval test—because it is a resampling-based test, es-
timates of power are not updated upon modification of a pa-
rameter value. Rather, power estimates for the Monte Carlo
interval test are updated on-demand by pushing the Run MC
button located at the bottom of the screen.

Our application of the approach outlined above suggested
that as few as 42 organizations (21 treatment, 21 control) would
be sufficient to achieve a power level of about 0.90. That is, if
we sampled 42 organizations and assigned 21 of them to par-
ticipate in the intervention while observing the remaining 21
organizations without intervening, we would have almost a
90% chance of detecting the mediation effects if they exist.
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Model CRA2-2-1: Power Calculator for Two-Level Cluster Random Assignment Design — Treatment at Level 2 and Mediator at Level 2

Parameter Values Comments

Alpha Level () 0.05 Probability of a Type I error

Effect Size: a 0.60 Treatment-mediator path coefficient as standardized mean difference

Effect Size: b 0.30 Mediator-outcome path coefficient as standardized regression coefficient

Effect Size: ¢’ 0.10 Direct treatment-outcome path coefficient as standardized mean difference

Intraclass Correlation (p) 0.30 Proportion of variance in outcome that is between clusters

R 0.60 Proportion of outcome variance at individual-level explained by individual-level covariates

Rvis 0.60 Proportion of outcome variance at cluster-level explained by cluster-level covariates (excluding the treatment and mediator)

Ry 0.60 Proportion of mediator variance explained by cluster-level covariates (excluding the treatment)

n (Average Cluster Size) 30 Mean number of individuals per cluster (harmonic mean recommended)

] (Sample Size [# of Clusters]) 42 Total number of clusters (total=treatment +contol)

P 0.50 Proportion of level 2 units randomized to treatment: J1 / (Jy + Jc)

Mediaiton Effect (ME) 0.180 ME = a*b

Power (1-B) for ME: Sobel Test 0.728 Statistical power to detect the Mediation Effect (ME) for two-tailed test using Sobel test

Power (1-B) for ME: Joint Test 0.886 Statistical power to detect the Mediation Effect (ME) for two-tailed test using joint test

Power (1-B) for ME: MC 0.906 Statistical power to detect the Mediation Effect (ME) for two-tailed test using Monte Carlo simulation (2000 replications)
Run MC

Model CRA2-1-1: Power Calculator for Two-Level Cluster Random Assignment Design — T at Level 2 and Medi: at Level 1
Assumptions Comments
Alpha Level () 0.05 Probability of a Type I error
Effect Size: a 0.60 Treatment-mediator path coefficient as standardized mean difference
Effect Size: b, 0.10 Mediator-outcome path coefficient at the individual-level as a standardized regression coefficient
Effect Size: B 0.50 Overall mediator-outcome path coefficient as a standardized regression coefficient (overall coef=individual coef+cluster coef)
Effect Size: ¢’ 0.10 _ |Direct treatment-outcome path coefficient as standardized mean difference
Intraclass Correlation (p ) 0.30 Proportion of variance in the mediator (M) that is between clusters
Intraclass Correlation (p y) 0.30 Proportion of variance in the outcome (Y) that is between clusters
Ry 0.60 Proportion of mediator variance at individual-level explained by individual-level covariates
R’y 0.60 Proportion of mediator variance at cluster-level explained by cluster-level covariates (excluding the treatment)
RAM 0.60 Proportion of outcome variance at individual-level explained by individual-level covariates (excluding mediator)
R 0.60  |Proportion of outcome variance at cluster-level explained by cluster-level covariates (excluding the treatment and mediator)
n (Average Cluster Size) 30 Mean number of individuals per cluster (harmonic mean recommended)
(Sample Size [# of Clusters]) 80 Total number of clusters (total=treatment +contol)
P 0.50  |Proportion of level 2 units randomized to treatment: Jr/ (Jx + J©)
Lower-Level Mediaiton Effect (LME) 0.06 LME =a* bl
Upper-Level Mediaiton Effect (UME) 0.24 UME = a * (B-bl)
Overall Mediaiton Effect (OME) 0.30 OME =a*B
Power (1-8) for LME: Sobel Test 0.995 _ [Statistical power to detect the lower-level mediation effects for two-tailed test using Sobel test
Power (1-8) for LME: Joint Test 0.998  [Statistical power to detect the lower-level mediation effects for two-tailed test using joint test
Power (1-8) for LME: MC 0.998  [Statistical power to detect the lower-level mediation effects for two-tailed test using Monte Carlo simulation (2000 replications)
Power (1-) for UME: Sobel Test 0.690 [Statistical power to detect the upper-level mediation effects for two-tailed test using Sobel test
Power (1-B) for UME: Joint Test 0.693 [Statistical power to detect the upper-level mediation effects for two-tailed test using joint test
Power (1-B) for UME: MC 0.697 [Statistical power to detect the upper-level mediation effects for two-tailed test using Monte Carlo simulation (2000 replications)
Power (1-8) for OME: Sobel Test 0.866  |Statistical power to detect the overall mediation effects for two-tailed test using Sobel test
Power (1-8) for OME: Joint Test 0.874  |Statistical power to detect the overall mediation effects for two-tailed test using joint test
Power (1-B) for OME: MC 0.880  [Statistical power to detect the overall mediation effects for two-tailed test using Monte Carlo simulation (2000 replications)
Run MC

Fig. 2 Screenshots of the PowerUp-Mediator software for the 2-2-1 module (top) and 2-1-1 module (bottom)

As a comparison, the sample size needed to achieve a 90%
level to detect the “main” or total effect of c=ab+c' = 0.28
would be nearly double (72 organizations) the sample size
needed for detecting mediation. The results of this illustration
are not generalizable—the relationship between the power to
detect the total effect (c) and the power to detect the mediation
effect (ab) depend heavily on the decomposition of the media-
tion effect. In some configurations, the power to detect the total
effect will exceed that of the mediation and in other configura-
tions the converse will prevail.

2-1-1 Mediation

We next consider multilevel mediation analyses that examine
the extent to which the impact of an organization-level

treatment on a practitioner-level outcome is mediated by a
practitioner-level mediator. Within our running example, we
consider practitioner attitudes toward the evidence-based
practice as the mediator. The resulting theory of action we
would hypothetically intend to test would investigate the ex-
tent to which changes in practitioner attitudes (mediator) gen-
erated by participation in the training program (intervention)
manifest as an increase in the use of motivational interviewing
(outcome).

We begin with the typical multilevel formulation that em-
ploys a system of linear mixed path models (e.g., Pituch and
Stapleton 2012). Our initial model draws on centering practi-
tioner variables within organizations (or organization-mean
centering) because this is the most common in the literature
and is useful for disentangling mediation effects across levels.
However, as we subsequently outline, using raw values or
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centering on the grand mean across organizations will yield
equal parameter estimates in the case of random intercept
formulations. For a practitioner-level mediator, our mediator
model is

M,-j:7r0j+7r1 (Xijfyj') +7F2Vij+£g-4 Eg{I'NN(O,O'i”) (33.)

mo; = Coo +aT; + Cot W + CooX j + g g ~N (0, Tiﬂ) (3b)

M;; represents the mediator value for practitioner 7 in orga-
nization j, X is a practitioner-level covariate (with 7; as its
path coefficient) that varies across individuals and organiza-
tions, Vj; is a practitioner-level covariate (with 7, as its path
coefficient) that varies only across individuals, )_( j is the
organization-level variable or mean aggregate of the
practitioner-level variable (with (o, as its path coefficient), 7;
is the treatment assignment with path coefficient a, sf}/[ as the
error term, and u{‘{g as the organization-specific random effects.
Applied to our running example, the a path in this equa-
tion maps out how participation in a training program
yields changes in practitioner attitudes toward the targeted
practice.

The outcome model also parallels previous models such
that

Y= 50j+b1(Mi/‘M/> + 6 (Xii_yj) + 5V +ey (4a)

ej~N (0%

Boj = Yoo + BM; + ¢ Tj+ v, W, + 702X,

+ ugj ugj~N (0, 7'%) (4b)

We use the same notation as above and add M ;;—M ; as the
organization-centered practitioner-level mediator with coeffi-
cient b1, M ; as the mean of the mediator in organization j with
path coefficient B, ¢’ as the treatment-outcome conditional
path coeftficient and ugj and 53; as the level 2 and 1 error terms.
Returning to our substantive application, the B path coefficient
delineates how changes in practitioner attitudes are
(conditionally) correlated with their use of motivational
interviewing (see below for further discussion).

Mediation Effect There are two predominant approaches to
describing the flow of the intervention effects to the outcome
through the mediator in the literature when interventions are
assigned to clusters. In the first approach, mediation is allowed
to operate through both the cluster- and individual-level vari-
ables when considering an individual-level mediator (e.g.,
Pituch and Stapleton 2012; VanderWeele 2010; Krull and
MacKinnon 2001). This approach thus considers the extent to
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which the intervention produces changes in the outcome by
acting on both the individual-level mediator values (i.e., differ-
ences among practitioners within an organization) and in the
cluster-level aggregate of the mediator (i.e., differences among
organizations in context). As a result, it allows for multiple
mediation pathways, each with a potentially different interpre-
tation and different magnitude. Put differently, this approach
asserts that an intervention can produce changes in the mediator
that modify both the environment of a cluster and the individ-
uals within a cluster in ways that influence the outcome. The
result of this approach is that the (overall) mediation effect can
be decomposed into a component attributable to the collective/
contextual changes in the mediator for all individuals in a clus-
ter and a component attributable to changes in the mediator
values of specific individuals (see Fig. 1b, c).

In the second approach, analysts only consider mediation
arising at the cluster-level (e.g., Zhang et al. 2009). The argu-
ment supporting this philosophy is that a cluster-assigned
treatment can only be correlated with the cluster-level varia-
tion in the mediator. As a result, the treatment-mediator co-
variance can be subsequently correlated only with the cluster-
level outcome variance (see Fig. 1d). Put differently, because
individuals in the same cluster receive the same intervention,
separating the extent to which the intervention works through
the individual- versus cluster-level is not identified without
making additional assumptions.

As a result, although these views appear to oppose each
other, the practical difference reduces to whether one invokes
additional assumptions to decompose the (overall) mediation
effect into contextual and individual components or not. We
further unpack these differences below but from a conceptual
standpoint, the contextual- and individual-level mediation
view considers the overall mediation effect and subsequently
offers to descriptively decompose it into a unique cluster-level
component (contextual) and a unique individual-level compo-
nent. In contrast, the cluster-level mediation only view con-
siders the exact same overall mediation effect but simply
chooses not to decompose. As a result, the mathematics of
estimation and statistical power are identical for the two ap-
proaches—one simply needs to decide if s/he is interested in
only the overall mediation effect or interested in the overall
mediation effect as well as its decomposition into a unique
cluster-level component and a unique individual-level compo-
nent. For this reason, our study accommodates both ap-
proaches and considers all three types of mediation effects
researchers might examine when an individual-level mediator
is of interest.

Overall Mediation Effects

To unpack these complementary types of mediation effects, let
us consider three categories of mediation effects. The first
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category we focus on is the overall mediation effect—the ef-
fect that is common across both of the aforementioned ap-
proaches and is not in dispute. The overall mediation effect
is composed of the unique contextual (upper-level) and indi-
vidual (cross-level) mediation effects (described below). That
is, we use the overall mediation effect to describe how any
changes in attitudes (be it individual and/or collective)
brought about by an organization’s participation in a training
program manifest as changes in practitioner use of motivation-
al interviewing. Under the centering within organization ap-
proach (as in expression (4ab)), the coefficient (B) attached to
the organization mediator mean (M ) represents the sum of the
mediator’s practitioner-level relationship with the outcome
(b7) and the mediator’s unique contextual relationship with
the outcome (b»; see below). That is, the B coefficient captures
the total (individual plus contextual) influence of the mediator
on the outcome as it operates through the practitioner-level
mediator values and the mean scalar function of the organiza-
tion mediator values. As a result, the product of the a and B
coefficients represents the overall mediation effect of the treat-
ment on the outcome as it operates through the individual
mediator and the mean of the organization mediator values.
This overall mediation effect will typically be the effect of
primary interest in designing and analyzing a study regardless
of the philosophical approach.

Under centering within organization parameterization, pri-
or literature (e.g., Pituch and Stapleton 2012) has shown that
we can obtain an estimate of the overall mediation effect
(ME;,;; Fig. lc, d) as OME, | = a(b; + by) =aB. In terms of
our example, the overall mediation effect quantifies the total
improvement in practitioner use of a practice that accrues as a
result of changes in both practitioner and collective attitudes
toward this practice.

Power To track the statistical power with which we can dis-
cover the overall mediation effect, we can again draw on and
extend the Monte Carlo interval test (Kelcey et al. 2017).
Under maximum likelihood estimation of the parameters, we
can sample from a multivariate normal distribution for the
estimated path coefficients with the vector of means set to
the anticipated values for the a and B path coefficients and
the covariance matrix set to have diagonal terms equal to the
corresponding path error variances (Kelcey et al. 2017).
Similar to the 2-2-1 case, we track power in relation to hy-
pothesized path coefficients in the planning stages by deriving
the implied error variances as functions of the primary path
coefficients (i.e., a, B, by, c'), the variance explained in the
outcome at each level by covariates (RQY% and RzYi'V ), the vari-
ance in the mediator explained by covariates at both levels

(R2 , andR?,, ), and the unconditional intracluster correlation
WX xv

coefficients of the outcome (py) and mediator (p,,). We can
then obtain draws from the posterior distributions and

approximate the sampling distribution of the mediation effects
by assembling the products of the draws. Power is estimated
as the proportion of asymmetric intervals (e.g., 95%) that ex-
clude zero. The net result is directly analogous to the 2-2-1
case—by specifying the mediation path coefficients, the var-
iance explained by covariates, and the variance decomposi-
tions of the outcome and mediator, we can determine the sam-
ple size needed to achieve a specific power level.

Also similar to the 2-2-1 case, if we normalize the outcome
and mediator to have unconditional means of zero and variances
of one (i.e., 73, + 03, = py + (1=py) =1 and 73 + 0} =
py + (1=py) = 1), the organization-level mediator and out-
come variances serve as the respective intracluster correlation
coefficients (py, and py). Standardizing the outcome and medi-
ator places the treatment-mediator coefficient on a standardized
difference scale and the mediator—outcome path on a standard-
ized regression coefficient scale. We can also apply the afore-
mentioned alternative effect sizes. The 2-1-1 effect sizes become
as follows: (a) single-cluster: d,, = aB/oy (b) multi-cluster or

broad population: dr = aB/ (T%,(l_P(l_P) (aB + ')?)+02),

)
Ty

1
™

and (c) cluster-level: dg = aB/ (r},(l—p(—?p) (@B +¢)?)).

lllustration Let us return to our working example to illustrate a
power analysis concerning the detection of the overall medi-
ation effect when a practitioner-level mediator is of interest.
Consider the design of a multilevel mediation study that mea-
sures the extent to which an organization-wide training pro-
gram (intervention) impacts practitioner use of motivational
interviewing (outcome) by improving practitioner attitudes
toward motivational interviewing (mediator). We focus on
the total or overall mediation effect that captures the extent
to which exposure to the training program produces changes
in practitioner use of motivational interviewing by changing
their individual and/or collective attitudes regarding the
practice.

Let us continue with the design parameter values adopted in
the previous illustration—assume we anticipate an intracluster
correlation coefficient for the outcome of 0.30 (py), that the
covariates will explain 60% of the outcome and mediation var-

Ly =R =0.60),

iance at each level (R%,, = R? S =R
wX XV

¥ 53.7 v
the direct effect of the treatment on the outcome is ¢’ = 0.10, and
that the treatment-mediator path coefficient is a =0.60. Let us
further adopt an intracluster correlation coefficient for the me-
diator of 0.30 (p,,), an overall mediator—outcome association of
B=0.50 with 0.10 owing to the practitioner-level association
(b1 =0.10). If again 50% of the organizations are exposed to the
intervention (P= 0.50) with 30 practitioners sampled at each
organization (#,), how many organizations must we sample to
have a power level of 0.90?

To reach a power level of 90%, our analyses suggested just

over 80 organizations would be required (approximately 40
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treatment, 40 control). As a point of reference, about half as
many (38) organizations would be required to detect the main
or total effect of ab + ¢’ = ¢=0.40 (i.e., in a model excluding
the mediator). We again conducted our analyses using
PowerUp-Mediator. We provide a screenshot of the interface
for 2-1-1 mediation designs in Fig. 2 (bottom). The software
implements the Monte Carlo interval test as well as the Sobel
and joint tests for mediation and provides a label and a brief
description of the parameters needed to evaluate power. In
contrast to the 2-2-1 case, the software conducts power anal-
yses for the three types of mediation effects previously
discussed—overall mediation (OME), individual or lower-
level mediation (LME), and contextual or upper-level media-
tion (UME). Users input the anticipated values of the param-
eters that govern power and the software automatically esti-
mates power under the joint and Sobel tests. Once users push
the Run MC button, estimates of power under the Monte
Carlo interval test are produced in about a minute depending
on computing speed.

Lower-Level Mediation Effects

Under additional assumptions that render effects exchange-
able or constant across practitioners and organizations, we
can descriptively decompose the overall mediation effect into
components that specifically flow through the practitioner-
and organization-levels (Fig. 1b, ¢). As such, the second cat-
egory we consider is the unique individual or lower-level me-
diation effect (LME). A lower-level mediation effect exam-
ines the extent to which the effects of an organization-level
treatment on a practitioner-level outcome are transmitted
through the practitioner-level component of the mediator
(e.g., Krull and MacKinnon 2001; Pituch and Stapleton
2012). We can obtain an estimate of the lower-level mediation
(LME) as LME = ab,. With our running example, the lower-
level mediation effect quantifies the improvement in practi-
tioner use of motivational interviewing that accrues as a result
of changes in individual attitude produced by the training
when holding constant colleague attitudes (i.e., other practi-
tioners at that organization). In assigning organizations to in-
terventions, the lower-level mediation effect is not directly
observable because practitioners at an organization experience
the same intervention condition. However, if effects are ap-
proximately consistent across units, we can use practitioners at
other organizations with a different intervention condition as
reasonable proxy counterfactuals and descriptively identify
the part of the overall mediation effect that owes specifically
to changes at the individual-level.

Power For the lower-level mediation effect, the Monte Carlo
interval test can be formed using an approach analogous to
that of power for the overall mediation effect. We sample from
a multivariate normal distribution with the vector of means set

@ Springer

to the anticipated values for the a and b; path coefficients and
the covariance matrix set to have diagonal terms equal to their
corresponding path error variances. Identical to the overall
mediation effect, the error variance of the individual-level me-
diation-outcome path coefficient (o'il ) can be tracked using
the primary path coefficients (i.e., a, B, by, ¢’), the variance
explained in the outcome at each level by covariates

(R%. andR?, ), the variance in the mediator explained by
WX xv

M
wX

covariates at both levels (&2 ., andR2,, ), and the uncondition-
X xv

al intracluster correlation coefficients of the outcome (py) and
mediator (p,,). Using these estimators, we can draw samples
of the a and b, path coefficient from their respective normal
distributions. In turn, the power of the Monte Carlo interval
test can be obtained by drawing and multiplying samples of a
and b, and recording the proportion of asymmetric confidence
intervals that exclude no effect.

Illustration Let us now focus on the extent to which exposure
to the training program improved practitioners’ use of
interviewing by operating specifically through individual atti-
tudes (i.e., targeting lower-level mediation effects). In this
particular example, we focus on differences among practi-
tioners in the absolute sense—as opposed to the standing of
practitioner relative to their organization means (Pituch and
Stapleton 2012). Within this context, the raw or grand-mean
centered model conceptually describes these lower-level me-
diation effects because it draws on the absolute standing of
practitioners. However, as described earlier, such lower-level
mediation effects can also be captured by the centering within
organization formulation as long as we enter the organization
means at the group-level. As a result, the formulas in this
study can be directly applied to estimate power regardless of
whether researchers intend to use no centering, centering
across organizations, or centering within organizations in their
analytic model.

Let us retain the parameter values previously outlined. Our
power analysis now focuses on designs that can detect a
lower-level mediation effect of ab; = 0.06. That is, we antic-
ipate that 0.06 of the impact of the training on the outcome
flows specifically through the practitioner-level mediator. If
we adopt a type 1 error rate of 0.05, how many organizations
must we sample to achieve 90% power to detect the lower-
level mediation?

We again implemented the analyses in the PowerUp-
Mediator software. User follows the same procedure outlined
for power analyses for the overall mediation effect. The results
suggest the required sample sizes—even for a relatively small
mediation effect of 0.06—are much smaller for lower-level
mediation than overall mediation. Even as few as 36 organi-
zations (18 treatment, 18 control) would be sufficient in de-
tecting a lower-level mediation effect as small as ab; = 0.06
with 90% power. More generally, when other factors are held
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constant, lower-level mediation effects will typically have
higher power than the overall mediation effect because the
driving sample size is the number of practitioners rather than
the number of organizations.

Upper-Level Mediation Effects

The final category we consider includes the mediation effect
that represents the contextual association (Fig. 1b). The
unique upper-level mediation effect focuses on the contextual
or environmental effect of the mediator organization means on
the outcome; that is, the association of the organization means
beyond that which is supplied by the correlation between the
outcome and practitioner-level mediator. The contextual or
upper-level mediation effect estimates the increment in prac-
titioner use of motivational interviewing that accumulates as a
result of changes in colleagues’ attitudes when holding con-
stant individual practitioner attitudes. Again, this type of de-
composition of the overall mediation effect requires the addi-
tional assumption that effects are approximately constant
across practitioners and organizations.

Conceptually, the upper-level mediation effect is not direct-
ly obtained from the above formulation of the outcome model
(and depicted in Fig. 1c) because the organization-mean pa-
rameterization orthogonalizes the practitioner- and
organization-level mediator values such that the coefficients
attached to the mediator organization means capture the sum
of the practitioner- and organization-level outcome-mediator
associations. More practically, the unique organization-level
effects are represented by modifying the outcome model (4ab)
so that the practitioner-level mediator values reflect the abso-
lute standing (e.g., grand-mean centered) or original mediator
values of practitioners within organizations rather than the
organization-mean centered values (Fig. 1b; Pituch and
Stapleton 2012). That is, the practitioner-level mediator enters
the outcome model as

Yg'/' = ﬂl)j + b]M,',‘ + ﬁ] <X,',‘7)_(/') —+ ,32V,-, + 5; 5;~N<0, 0'?1‘) (Sa)

Boj =Yoo +b2M;+c Tj+v0 W, + 700X

+ u(})} ugj~N (0, 7'%) (5b)
In this uncentered formulation (or grand-mean centered
approach), the coefficient attached to the mean mediator (b,)
now captures the contextual or unique organization-level con-
ditional association with the outcome because the organiza-
tion and individual mediator values are no longer orthogonal.
In terms of the treatment-mediator path, because the treatment
is assigned to organizations we cannot disentangle its effects
on the individual- and organization-level components of the
mediator even under standard additional assumptions.

Alternatively, we can retain the centering within organiza-
tions (Eq. 4ab; Fig. 1c) and estimate the contextual or upper-
level mediation effect as the differences between the overall
and lower-level mediation effects. For the upper-level media-
tion effect (UME), this yieldSUME = ab, = a(B — by).

Power For the upper-level mediation effect, the Monte Carlo
interval tests can be adapted in a straightforward manner to
obtain a test of upper-level mediation. We sample from a mul-
tivariate normal distribution with the vector of means set to the
anticipated values for the a and b, path coefficients and the
covariance matrix set to have diagonal terms equal to the
corresponding path error variances. Because the b, path can
be represented using the difference between the overall and
lower-level mediator—outcome association, we can estimate
its error variance as a function of the previously outlined error
variances and the exact same parameters. Power for upper-
level mediation follows the same structure as prior tests.

lllustration Let us target the extent to which exposure to the
training program improved practitioners’ use of interviewing
by operating specifically through contextual changes in
organization-wide attitudes (i.e., targeting upper-level media-
tion effects). That is to say, suppose we were precisely interest-
ed in how training-induced changes in organization-level atti-
tudes impacted individual practitioner use of motivational
interviewing. Maintaining the same parameter values noted
above, we focus on designs that can detect an upper-level me-
diation path of ab, = 0.24. Specifically, we continue to antici-
pate that the overall mediator—outcome association will be B =
0.5, the practitioner-level component of the mediator—outcome
association will be b, =0.1, and the contextual component of
the mediator—outcome association will be b, = B—b; =0.4.

Once again, we used the PowerUp-Mediator software and
the aforementioned procedure. In contrast to lower-level me-
diation, the results suggest that the required sample sizes to
achieve a certain power level will tend to be larger than those
necessary to detect the overall or lower-level mediation ef-
fects. In this instance, the results indicate that assigning ap-
proximately 130 organizations (65 treatment, 65 control)
would yield a 90% chance of discovering intervention-
induced changes in interviewing practice operating through
the collective or average attitudes of practitioners at
organizations.

Discussion

Conducting investigations with the capacity to test a more
comprehensive set of effects—such as mediation effects—
has become a prominent aim of prevention science research
(e.g., Gottfredson et al. 2015). Investigations that probe a
clearly articulated theory of an intervention help to disentangle
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the black box of its effects by assessing an action theory that
delineates how the intervention affects intermediate variables
and a conceptual theory that outlines how those intermediate
variables pass on the intervention effects to the outcome
(Gottfredson et al. 2015). A key to ensuring that researchers
can select sufficiently powerful designs regarding these types
of hypotheses is delineating the roles of parameters that gov-
ern such power.

In this study, we outlined several complementary types
of mediation effects designed to unpack the potential
pathways researchers often consider and outlined a pow-
erful resampling test of multilevel mediation whose be-
havior can be easily tracked and understood even before
data collection. The power of the Monte Carlo interval
test can be easily tracked using the anticipated magnitudes
of the path coefficients, the intracluster correlation coeffi-
cients, and the variance explained in the outcome and
mediator by covariates. To make these power analyses
more accessible to researchers, we have developed and
illustrated the analyses in a free Excel-based program
PowerUp-Mediator. We have also developed similar rou-
tines in the R package PowerUpR. Both programs use a
simple interface where users input the anticipated param-
eter values and receive as the output power estimates un-
der different tests.
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