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Abstract

In both grant proposals and published studies, many research hypotheses (represented by primary parameters) are tested
in the context of complex statistical models. The power to detect these primary parameters depends on the values of
multiple secondary model parameters that often go unexamined, unreported, and unjustified. The result is that many a
priori power analyses are incomplete, ambiguous, potentially subjective, and nearly impossible for others to evaluate. In
the current article, we encourage researchers to use plausible values for secondary parameters (PVSPs), in addition to
the hoped-for effect sizes for their primary parameters, in their power calculations. More specifically, upper and lower
bounds for power are generated based on the highest and lowest plausible values for secondary model parameters. In
the article, we demonstrate how to conduct and describe such power estimates for four increasingly complex statistical
methods. We further demonstrate how such analyses can inform decisions about resource allocation in ways that improve
power in the context of complex statistical models, often revealing that power can be enhanced by methods other than
increasing sample size. The PVSP approach can enhance power, improve the transparency of power analyses in grant
proposals, reduce the likelihood of funding underpowered research, and alleviate at least one problem underlying the
replication crisis.
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Since Cohen’s (1977) classic book, power analyses have
become a common step in most research designs and a
standard part of most grant proposals in psychology.
However, since 1977, the complexity of statistical meth-
ods used in social-science research has grown dramati-
cally. Cohen’s methods (and many recently developed
online apps!) are often insufficient to estimate power
when complex analyses are involved. Instead, Monte
Carlo approaches to power estimation have become
increasingly popular (e.g., Muthén & Muthén, 2002;
Wang & Rhemtulla, 2021). A PsycInfo search revealed a
50-fold increase in nonmethodological journal articles
that contain the combination of “Monte Carlo” and
“power” over the past 4 decades. Typically, researchers
assign plausible values to all the parameters that

comprise their model. These include the primary model
parameter(s), representing the hypothesized effect(s) of
interest, and the secondary parameters, representing all
the rest of the model. (For heuristic purposes, in the
current article, we assume that the research hypothesis
is represented by a single model parameter; however,
the proposed methods can be generalized to multipa-
rameter hypotheses.) Methodological changes that affect
the secondary parameters can dramatically change esti-
mates of one’s power to detect the primary parameter
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of interest—often without increasing sample size. At
present, researchers lack a systematic, explicit, and effi-
cient Monte Carlo method that takes these highly influ-
ential secondary parameters into account when
estimating power to detect the primary parameter.

Building on the noteworthy recommendations of
Muthén and Muthén (2002) and Wang and Rhemtulla
(2021), our goals were to describe and demonstrate what
we call a “plausible values for secondary parameters”
(PVSP) approach to power estimation for testing hypoth-
eses that are embedded in complex statistical models.
This approach involves the identification of a range of
plausible values for secondary model parameters and
the empirical power estimation for different combina-
tions of these values to obtain a range of plausible
power estimates (not just a single estimate). This
approach can be applied to any statistical model.

With the emergence of increasingly sophisticated sta-
tistical methods, key hypotheses are often represented
by a relatively few primary parameters in models that
contain a relatively large number of secondary param-
eters. In grant proposals, the power-analysis section typi-
cally contains substantial justification for the expected
size of the primary parameter(s). Prior research is often
invoked to support the researcher’s expectation of a
small, medium, or large primary effect. Although the
magnitude of the primary effect will always affect power,
it may be one of the more difficult effect sizes to justify
with prior research. After all, the purpose of the pro-
posed research is probably to test something novel—
something not already supported by prior research. One
could argue that it is better to justify primary parameters
on the basis of what is interesting, important, and worth
detecting (e.g., Lakens, 2014; Lakens et al., 2018).

What can often be justified with prior research, how-
ever, are the magnitudes of the secondary parameters
in the model. The power to detect the primary effect can
vary enormously as a function of other model parame-
ters. The key, then, is to identify what range of values
is plausible for the secondary model parameters. Fre-
quently, these ranges can be justified by prior research.
One example might be a longitudinal study testing the
effect of X at Time 1 on Y at Time 2, where important
secondary parameters are the correlations between X
and other covariates. Plausible high and low values for
such correlations could be based on prior cross-sectional
research. A second example might be a latent-variable
mediation model, in which important secondary model
parameters include the manifest variable factor loadings
onto their respective factors. Plausible high and low
values for such loadings could be based on prior psy-
chometric research. In these examples, the identification
of justified or at least plausible secondary characteristics
is a critical first step. In basing high and low PVSPs on

prior research, however, one runs some risk that those
values may be biased because of either upward or down-
ward publication pressures (Anderson & Maxwell, 2017,
Gelman & Carlin, 2014). To safeguard against such pos-
sibilities, one can use PVSP brackets that go somewhat
beyond previously published estimates.?

In the current article, we propose a PVSP method for
conducting and efficiently reporting power analyses that
pertain to relatively complex models. This approach can
be implemented whenever one estimates a priori power
for reasonably sophisticated data-analytic models. For
complex statistical models (and simpler ones as well),
we propose that researchers should examine power to
detect their primary model parameters under a variety
of conditions—conditions represented by high and low
PVSPs. Such a practice would generate an upper limit
for power that is based on the optimal pattern of PVSP
estimates and a lower limit based on the least optimal
pattern. The term “optimal PVSPs” refers to the pattern
of secondary parameters that imparts the greatest power
to the primary test while still being realistic (e.g., sup-
ported by previous research). Conversely, the idea of
“least optimal PVSPs” refers to the pattern of (still plau-
sible) secondary parameters that imparts the lowest
power to test the primary hypothesis while still being
justified by prior studies. In some models, the magni-
tudes of secondary model parameters may not be mono-
tonically related to the power to test the primary model
parameter. In such cases, researchers may want to esti-
mate power at more than just high and low values of
the secondary parameters.

The PVSP approach has three advantages. First, it
makes explicit the context for the power analysis. This
is especially important in publications or grant propos-
als, in which reporting the conditions under which
power is calculated will better enable reviewers to evalu-
ate the assumptions on which power, sample size, fund-
ing decisions, and publication were made. (These
conditions consist of both the primary parameter values
and the PVSPs.) Second, reporting a range of power
estimates (based on the optimal and suboptimal patterns
of PVSPs) is more honest because researchers rarely
know the exact values of their secondary parameters in
advance. And third, systematic examination of PVSPs
can inform the strategic allocation of resources to
improve power (e.g., if factor loadings have a particu-
larly strong effect on power, the researcher may want to
consider methods for improving measurement).

The PVSP approach differs from Cohen’s (1988) clas-
sic approach in at least two ways. First, Cohen’s is an
analytic approach to power (e.g., Cohen, 1977, 1992;
Murphy et al., 2014; O’Brien & Muller, 1993), which
becomes impractical when models are complex. Ours is
an empirical approach (although PVSPs can be
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embedded in an analytic approach as well). Second,
Cohen’s approach regards best-guess estimates of effect
sizes as though they were the population values, whereas
the PVSP method takes parameter uncertainty into
account by considering a range of plausible values.
Third, Cohen’s approach focuses on the magnitude of
the primary effect, whereas the PVSP approach considers
the myriad ways that secondary parameters affect power.
Other approaches also incorporate the observed uncer-
tainty around effect sizes into account (e.g., McShane &
Boéckenholt, 2015; Perugini et al., 2014; Sakaluk, 2016).
Most similar to our approach are the Bayesian-hybrid
approaches that consider a set of effect-size estimates
(e.g., from meta-analytic studies). Such approaches (e.g.,
Du et al.,, 2017; Du & Wang, 2016; Liu & Wang, 2019;
Pek & Park, 2019) formally consider both assurance level
(i.e., the likelihood for a researcher to obtain power
equal to or greater than desired power under planned
sample size) and power variability (i.e., how power
estimates vary given research design). However, these
approaches focus on how uncertainties in research
design relate to a complete distribution of power values.
Our approach emphasizes the careful consideration of
a few high and low yet plausible secondary model
parameters. Our approach encourages researchers to
consider how anticipated ranges for various PVSPs can
influence power. In practice, some researchers will be
so familiar with certain PVSPs that the range of their
plausible values may be extremely narrow, almost con-
stant. In other cases, the range of PVSPs could be so
large as to range from positive to negative. In the cur-
rent article, we assume that high and low values for
each parameter have moderate range and retain the
same sign.

Our approach can be summarized in a kind of to-do
list. The following items should be considered in the
application of this method to any model; however, sim-
pler models may end up requiring fewer steps:

1. Model: Construct the model you will eventually
use when analyzing your data to test the hypoth-
eses of interest.

2. Primary paths: Identify all primary paths (i.e.,
those reflecting your hypotheses) and assign them
“smallest effect size of interest” (i.e., values that
if significant, would be just large enough to be
meaningful; Anderson, 2019; Lakens, 2014).

3. Measurement: Identify features that represent the
reliability or validity of your measures and select
their lowest and highest plausible values, ideally
based on prior research with similar samples.

4. Collinearity: Identify paths that represent or con-
tribute to correlations among substantive exoge-
nous variables (reflecting collinearity among your

predictors) and select their lowest and highest
plausible values, ideally based on prior research.

5. Nuisance covariance: Identify correlations among
residuals (e.g., those reflecting shared method
variance) and select their lowest and highest plau-
sible values.

6. Other paths: Identify other structural paths (if
any) that do not represent key hypotheses and
identify their lowest and highest plausible
values.

7. Develop factorial design with high and low sets
of values for each of these clusters.

8. Run Monte Carlo simulations to estimate power
under each combination of the features repre-
sented in your design. If the model were to con-
tain all of these features, this could result in 16
simulations: 2 (Measurement) x 2 (Collinearity) x
2 (Nuisance Covariance) x 2 (Other Paths). Note
that the number of analyses is often fewer, as
when all features are not contained in your
design; however, the number could also be larger
if you elect to subdivide these features or examine
more than two conditions per feature.

These steps can be implemented with any of several
recently developed tools that are relatively easy to use.
One tool is embedded in Mplus. Muthén and Muthén
(2002) described how Mplus can be used to conduct
Monte Carlo studies to estimate power to test specific
structural-equation-modeling (SEM) parameters based on
one’s model, plausible values for model parameters, and
sample size (and certain variable and sample character-
istics). The procedure merely requires researchers to add
a few commands to the same Mplus program they use
to analyze their data. A second tool is pwrSEM, a Shiny
app created and described by Wang and Rhemtulla
(2021). This app generates R code for Monte Carlo power
estimates based on model syntax and plausible parameter
values. The app is freely accessible at https://yilinandre
wang.shinyapps.io/pwrSEM/ and supported by an online
manual. These approaches assume that researchers can
generate plausible values for all parameters in their mod-
els. We have found that most applied researchers can
easily speculate about such model parameters. In some
cases, however, researchers may prefer to base their
power analyses on the underlying correlations among
their variables. Indeed, obtaining estimates of such cor-
relations from previous studies may be easier than find-
ing estimates of specific model parameters. In such cases,
apps such as WebPower may be especially useful (Zhang
et al., 2018; Zhang & Yuan, 2018). In still other cases,
especially those involving simpler models, one may be
able to calculate power mathematically; however, such
analytic approaches often become intractable when
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models become more complex, providing opportunities
for applications of Monte Carlo methods (Muthén &
Muthén, 2002).

In the current article, we apply our PVSP approach
to four statistical methods, demonstrating the use of
Mplus, pwrSEM, or R for heuristic purposes (for exam-
ples of each available, see the supplemental materials
at https://osf.io/vymsx/). The first example involves mul-
tiple regression. We start with this model because it
enables us to demonstrate the procedure in a relatively
simple case. (In addition, it demonstrates that power
depends on secondary parameters in simple and com-
plex models.) The second is a SEM approach to media-
tion. Because mediation processes and hypotheses are
embedded in many SEM studies, the points made in this
example will pertain to more complex models. Third,
we consider a random intercept cross-lagged panel ana-
lytic model (RI-CLPM). Conventional cross-lagged panel
analytic models (CLPMs) have been a methodological
mainstay of longitudinal research for decades (Rogosa,
1980); however, Hamaker et al’s (2015) relatively new
RI-CLPM promises to replace them in many applications.
Fourth, we apply our method to an especially complex
model with a large number of secondary parameters to
demonstrate how such parameters can be clustered or
combined to make the power analyses more feasible.
We use these four statistical models merely as examples.
In no way do we mean to imply that they exhaust the
domain of modern complex statistical analyses. Our
intent is that readers can use these examples to inform
their application of the PVSP method to other statistical
models.

For each of these models, we demonstrate how to
generate high and low PVSPs, ascertain their effects on
power, and then report the upper and lower plausible
bounds for power given a particular sample size, nomi-
nal Type I error rate (alpha), and primary effect size. We
are mindful that space is precious in journal articles and
grant proposals, likely leaving insufficient room for jus-
tifying multiple PVSPs and reporting multiple power
estimates. Consequently, for each of our examples, we
demonstrate how PVSP-based power estimates can be
efficiently reported while retaining sufficient information
to allow for critical review.

Multiple Regression

We begin with a fundamental linear multiple regression
model, where X at Time 1 predicts outcome Y, after
controlling for prior levels of the outcome measured at
Time 1: That is, ¥, = 3, X, +B,Y; + e, where X, ¥}, and ¥,
are standardized (see Fig. 1). For example, one might
be interested in the effect of self-esteem at Time 1 (X))
on depression at Time 2 (Y,) while controlling for
depression at Time 1 (¥}). In this example, the parameter

of primary interest would be f,. More specifically, the
researchers may want sufficient power to reject H: 3, =0
when the population value of B, is .30 (i.e., an a priori
value large enough to be of theoretical or practical
importance; see Lakens et al., 2018). In this model, the
“secondary” parameters might be the correlation (p)
between the two predictors and the auto-regression of
depression over time (8,). Even though these values do
not reflect the primary question of interest, they are
nevertheless critical to power estimation. As collinearity
among the predictors increases, so do the standard
errors around the regression weight estimates (e.g., B,),
potentially reducing power to detect these effects (Gujarati
& Porter, 2009).? Conversely, a high autoregressive coef-
ficient for the covariate (i.e., B,) can increase the power
to detect B, (all other things being equal) because the
covariate explains more variance in the dependent vari-
able and reduces the denominator of the statistical test
(Maxwell et al., 2017). Of course, all other things are not
always equal given that higher autoregression for the
criterion variable is often associated with smaller effects
for the predictor of interest.

For a Monte Carlo approach to power to be ecologi-
cally valid, these secondary parameters must be plau-
sible; that is, they should be justified by prior research.
The correlation between predictors is one such second-
ary parameter. Even though the primary analyses are
longitudinal, previously conducted cross-sectional stud-
ies could document the range of correlations that have
been found between self-esteem and depression range
(e.g., Nguyen et al., 2019; Sick et al., 2020). The autore-
gression of the depression variable is another secondary
parameter. Previous longitudinal studies of depression
(especially those with similar lag times) could be used
to document the range of autoregression estimates that
have been reported (e.g., Ju & Lee, 2018; Reed-Fitzke
et al., 2021; Takagishi et al., 2011).

Simulations

To demonstrate the effect of these secondary character-
istics on the power to test the primary parameter, we
began by conducting a Monte Carlo simulation with the
model parameters set to what prior methodological
research (Gujarati & Porter, 2009; Maxwell et al., 2017)
would suggest would be the most optimal of the poten-
tial PVSP values (i.e., those plausible secondary param-
eter values that maximize the power to detect B,)—
in this case, low collinearity (p=.10) and high auto-
regression (B, =0.50). In addition, we set B, =0.30,
6%, =0;,=0y,=10,0=.05and N = 200. Using maximum-
likelihood (ML) estimation in R, we ran 10,000 replica-
tions (similar results emerge for least-squares estima-
tion). For each replication, we drew 200 random deviates
from a multivariate normal population with the above
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Table 1. Monte Carlo Power Estimates for Detecting B, in
Multiple-Regression Model for Low and High PVSPs, Where
B, =0.30,a = .05, N = 200

PVSPs

Stability Collinearity

B, p Power to detect B3,
High: 0.50 Low: .10 999

Low: 0.10 Low: .10 991

High: 0.50 High: .80 973

Low: 0.10 High: .80 784

Note: Power estimates will vary if the seed or the number of
replications is changed. PVSPs = plausible values for secondary
parameters.

characteristics. The result of primary interest is the
power to reject H,: B, =0|B, =0.30. Results appear in
the first row of Table 1, showing excellent power at .999.
(R code for this analysis is contained in supplemental
materials. Similar results emerge from using either Mplus
or pwrSEM, which are also included in supplementary
materials.)

In a second Monte Carlo simulation, we set all PVSPs
to values we anticipated would generate the worst power
(i.e., their suboptimal values)—in this case, high col-
linearity (p =.80) and low autoregression (B, =0.10).
After changing these values, we also adjusted the error
variance so that the total model-implied variance of Y
remained 1.0 and B, remained the same in the popula-
tion. Results from this analysis appear in the last row of
Table 1. These PVSP values yielded a much lower power
estimate of .784 even though the population value for
B, (the parameter of interest) remained exactly the same.
In other words, power calculations might reveal excep-
tionally good power (.999) or barely adequate power
(.784) depending on one’s selection of values for model
parameters that are not of primary interest, are rarely
justified by prior research, and are often not even
reported in most power analyses. Underreporting sec-
ondary model parameters in power analyses opens the
door for the “strategic” selection of secondary model
parameter values that could paint an overly optimistic
picture about power.

In more complex models, anticipating whether
changing a particular secondary parameter will increase
or decrease power is not always straightforward. There-
fore, we recommend estimating differences in power
that result from changing several secondary character-
istic values at a time, ideally in a full factorial design.
(When the number of PVSPs is large, a full factorial
design may be impractical. Reduced factorial designs
[Collins et al., 2009] may provide a viable option in these
situations.)

We conducted these analyses examining different
combinations of optimal and suboptimal PVSPs. In Table
1, Rows 2 and 3 contain power estimates that emerged
when only one secondary characteristic (either autore-
gression or collinearity) was set to its worst plausible
value. These changes had a relatively small impact on
power. Setting both characteristics to their suboptimal
values, however, revealed that the combination of low
autoregression and high collinearity (Table 1, Row 4)
had a more serious effect on power. Unfortunately,
changing the research design in ways that reduce col-
linearity may be impossible. Fortunately, these results
also suggest solutions. For example, one might change
the research design to increase the autoregression coef-
ficient (perhaps by improving the reliability of the cri-
terion variable). More specifically, comparing Rows 3
and 4 in Table 1 reveals that increasing autoregression
from 0.1 to 0.5 increases power from .784 to .973. In our
experience, researchers often behave as though increas-
ing their sample size is the only way to improve power.
However, the PVSP approach reveals that power can be
enhanced by changing other aspects of the research
design as well. For example, Fritz et al. (2015) demon-
strated how improved measurement strategies in one
part of a structural equation model can enhance power
in other parts.

If power analyses are being conducted for inclusion in
a grant proposal or journal article, not all of the above
information needs to be reported. For the current case, an
efficient and sufficient power paragraph might simply be

To estimate power for the test of our primary hypoth-
esis (that B, # 0), we used a PVSP Monte Carlo
approach. For B,, the lowest and highest plausible
values were .10 and .50; for p, the lowest and highest
plausible values were .10 and .80 (e.g., Ju & Lee,
2018; Saint-Georges & Vaillancourt, 2020). Assuming
a true effect of B, = 0.30, a = .05, and N =200, power
ranges from .784 (for suboptimal yet plausible sec-
ondary characteristics) to .999 (for optimal plausible
secondary characteristics).

X1 B,

O

Y1 B,

Fig. 1. Multiple-regression model.
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Y3

Fig. 2. Latent-variable mediation model.

An Aside

In a multiple-regression analysis such as this, one might
question the need for a Monte Carlo approach to power
estimation when analytic approaches have long been
available (Cohen, 1977). We submit at least two good
reasons. First, Monte Carlo simulations allow researchers
to take sample characteristics into account, such as attri-
tion, violation of distributional assumptions, differences
in measurement reliability, and so on. These features can
affect not only power but also Type I error rates, the
accuracy of parameter estimates, and the integrity of
standard errors, all of which can be examined via Monte
Carlo methods.

Second, in many applications of multiple regression,
the researcher may be testing a variety of hypotheses or
effects (e.g., B,,B,, R*, AR*). Power computational formu-
las for these effects may exist but become cumbersome
as the number of predictors increases (Maxwell, 2000).
Alternatively, Monte Carlo methods can be easily
expanded to estimate power to detect multiple effects
either individually or collectively.

Latent-Variable Mediation Model

Our second example is a latent-variable mediation model
using SEM. Not only are explicit tests of mediation
extremely common, but mediation processes are also
implicit in many structural equation models. Here, we
focus on the relatively simple mediation SEM depicted
in Figure 2, where latent X (represented by indicators
X1, X2, and X3) predicts latent M (represented by M1,
M2, and M3), which then predicts latent Y (represented
by Y1, Y2, and Y3). For example, the first factor might

565

be Classroom Milieu, and its measures are three class-
room-observation sessions. The second factor might be
Self-Worth, and its measures are three separate question-
naires. And the third factor could be Performance, mea-
sured via three tasks. The product of paths a and b
represents the indirect effect of X on Y through M. Path
¢’ represents the direct effect of X on Y (i.e., that part
of the X—Y relation that is not mediated by M).

Again, we consider two types of study characteristics.
The first type consists of the primary parameters of inter-
est: paths @ and b and the ab product. All represent key
hypotheses. Next are the secondary parameters. In this
example, we regarded the factor loadings onto X, M, and
Y as secondary parameters. Previous research has shown
that (all other things being equal) smaller factor loadings
are associated with larger standard errors around the
structural paths of primary interest and thus lower power
(Ledgerwood & Shrout, 2011). For the purposes of the
current article, we also regarded path ¢’ as a secondary
parameter. The existence of path ¢’ makes X a covariate
in the regression of Y onto M. If all other path coeffi-
cients are held constant, increasing ¢’ means that M will
explain a larger proportion of the unexplained variance
in Y, thus increasing the power to detect path & (Maxwell
et al., 2017). Other characteristics could also be exam-
ined, including various amounts of missing data, devia-
tions from multivariate normality, variances and
covariances of the residuals, and so on.

To ensure that our secondary characteristic values were
plausible, we conducted a small literature review of medi-
ation studies in which parent-adolescent relation pre-
dicted self-esteem, which predicted depression (Hu & A,
2016). Of particular interest were the factor loadings (A).
Based on this review, we set the lowest and highest PVSPs
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for As to be .40 and .70. In general, lower factor loadings
occurred when the researchers used qualitatively different
methods to represent the latent variable (e.g., parent,
teacher, and child reports of child problem internalization;
Muhtadie et al., 2013), and higher loadings emerged when
researchers used similar methods (e.g., multiple self-
report questionnaires; see Orcutt, 2006). For the direct
effect, we elected to set the low value of path ¢’ to 0
(sometimes conceptualized as the ideal outcome of a
mediation study) and the high value to be .39, a medium-
sized effect according to MacKinnon et al. (2002). In all
simulations, we set o = .05 and N = 350.

Simulations

We conducted Monte Carlo simulations to demonstrate
the effect of our PVSPs (As and path ¢’) on the power
to test the primary parameters (path a, path b, and
the ab indirect effect). In our first analysis, we set
population parameters equal to the optimal PVSP
values: A, =i, =A, =.7 and pathc’' =.39 (additionally,
path a = path b = .39,ab = .15,6% =%, = o, =1.0).Direct-
effect values are based on values commonly used to
represent small, medium, and large effects (a = b = .14,
.39, .59) in Monte Carlo research on mediation (MacKinnon
et al., 2002). Best and worst plausible values for factor
loadings were set to .30 and .90, based on values com-
monly reported for latent-variable mediation models
(e.g., Clarkson-Smith & Hartley, 1990; Gustafsson et al.,
2012; Lucas-Thompson & Hostinar, 2013; Mega et al.,
2014; Von Korff & Grotevant, 2011; Wei et al., 2005).
When loadings changed, we adjusted the measurement
residual variances to maintain variances of the manifest
variables at 1.0. When the direct effect changed, we
adjusted the structural residual variances to maintain the
latent-variable variances at 1.0 as well.

We ran 10,000 replications, drawing multivariate nor-
mal random deviates from a population with the above
characteristics. We used ML estimation in the lavaan
package of R (Version 4.1.0; R Core Team, 2021; Rosseel,
2012) to implement the Monte Carlo confidence method
to test mediation (MacKinnon et al., 2004; Preacher &
Selig, 2012). R code for this analysis appears in the
Supplemental Material available online.* Results appear
in the first row of Table 2. Power estimates were excel-
lent, with >.99 power to detect path a, path b, and the
ab indirect effect.

Next, we conducted the simulation using suboptimal
PVSP values: Ay =X, =A, =.4and path ¢ =0. Under
these circumstances, power dropped precipitously to .42
for path a, to .25 for path b, and to .06 for the ab indirect
effect. See Row 4 of Table 2.

To understand better how changes in each PVSP
affected power, we examined them in different combina-
tions. In Table 2 (Rows 2 and 3), we see that changing
the direct effect ¢, from .39 to 0 had essentially no effect
on power to detect the ab indirect effect. However,
reducing the factor loadings from .70 to .40 had a dev-
astating effect, driving ab power down to .10. The impact
of measurement fallibility in manifest-variable path-
analytic mediation models has long been recognized
(Bollen, 1989; Cole & Preacher, 2014; James et al., 1982;
Kenny, 1979; Rigdon, 1994; Rubio & Gillespie, 1995).
Ledgerwood and Shrout (2011) further described the
adverse effect of low measurement reliability on the
power to detect structural paths in latent variable mod-
els. Nevertheless, we were surprised that our highly
plausible range of factor loadings would reveal such
large differences in power for this (extremely common)
mediation model. Even when using latent variables to
test mediation, reliability of the manifest variables can
profoundly affect power.

Table 2. Monte Carlo Power Estimates for Detecting Mediation in
Structural-Equation-Modeling Approach to Mediation for Low and High
PVSPs, Where a = .39,b = .39,ab = .15, a. = .05,and N = 350

PVSPs

Power to detect

Direct effect

Factor loadings (path ¢") Path a Path b Indirect effect: ab
High: .70 High: .39 1.00 1.00 1.00
High: .70 Low: .00 1.00 1.00 1.00
Low: .40 High: .39 48 33 .10
Low: .40 Low: .00 42 25 .06
After improving measurement
.60 .00 99 91 .90

Note: PVSPs = plausible values for secondary parameters.
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Fig. 3. Random intercept cross-lagged panel model.

Thus, the PVSP approach again reveals ways that power
can be enhanced by changing things other than sample
size. In this case, analyses suggest that the researcher
could concentrate on improving measurement reliability,
perhaps by extending the duration of the assessment time,
lengthening the questionnaire, or increasing the number
of trials. If one could plausibly increase the lowest plau-
sible factor loadings from .40 to .60 (as in the last row of
Table 2), power would improve substantially, justifying a
power-analysis paragraph like this:

To estimate the power of the tests of our primary
hypotheses (a # 0; b # 0; ab # 0), we used a PVSP
Monte Carlo approach. Prior research has shown
that factor loadings range from .4 to .7 (Muhtadie
et al., 2013; Orcutt, 2006), and plausible values for
path ¢’ range from 0 to .39 for (MacKinnon et al.,
2002). Under these circumstances and assuming
the true effects were a =.39, b =.39, and ab = .15,
with a = .05 and N = 350, power for the test of the
indirect effect ranges from .42 to ~1.00 for path a,
from .25 to ~1.00 for path b, and from .06 to ~1.00

for the ab indirect effect. However, after upgrading
our measures, the lowest plausible factor loading
would be .60, in which case power estimates for
the three primary effects range from .90 to .99. (See
bottom row of Table 2.)

RI-CLPM

SEM approaches to cross-lagged panel analyses have
been a mainstay of longitudinal research when studying
the reciprocal prospective relations between two or
more constructs. Recently, Hamaker et al. (2015) intro-
duced an RI-CLPM that goes a step further, disentangling
between-subjects and within-subjects aspects of the tar-
get relations, qualitatively changing how researchers
approach CLPM data (Orth et al., 2021). For our dem-
onstration, we used the RI-CLPM depicted in Figure 3.
The model begins with longitudinal panel data on two
variables measured at four waves: X1 to X4 and Y1 to
Y4. Latent trait-like (or time-invariant) between-subjects
variables X, and Yg are extracted from each series.
Their correlation (pyg) represents that part of the relation
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between the Xs and Ys that is entirely between subjects.
The residual portions of these two time series (i.e., the
Xys series and the Yy series) are time-varying and relate
to each other via a cross-lagged structure, estimating
their prospective and reciprocal effects while controlling
for X and Y. Paths a and d represent the autoregres-
sive stabilities of X4 variables and the Yy, variables,
respectively, and paths b and ¢ represent the cross-
lagged effects.

For the current application, two effects were of pri-
mary interest: the within-persons and the between-
persons relation of X to Y (i.e., path b and pyq, respec-
tively). In complex analyses, the optimal PVSPs for one
hypothesis may not be optimal for the other, as we show
below. In the current example, we set path b = .30 and
Pss = -50. (For heuristic purposes, we arbitrarily set the
other cross-lag path c to 0; in some situations, research-
ers may want to consider high and low PVSPs for this
parameter as well.) Secondary parameters were the Wave
1 correlation (py) and stability (paths @ and d). Because
this was a longitudinal design, a key data characteristic
was missingness because of attrition from the study over
time. Based on prior studies (Grunewald et al., 2022;
Kojima et al., 2021; Wu et al., 2018), we set low and high
values for the Wave 1 correlation at pys = .30 and .60
and low and high stabilities at a = d = .30 and .50. To
demonstrate how Monte Carlo methods can also estimate
the effect of attrition on power, we also set missingness
at 0% and 10% attrition per wave (e.g., Fong-Jia et al.,
2020; In-Albon et al., 2017) under the assumption that
the missing data were missing completely at random.

Simulations

Because we were uncertain how our secondary charac-
teristics would affect power when testing more than one
hypothesis, our first set of Monte Carlo simulations

estimated power under all eight different combinations
of high and low stability, Wave 1 correlation, and miss-
ingness (in a factorial design). In each simulation, path
b = .30, pys = .50, path ¢ = 0, var(Xy,) =var(Yy) =
var(Xy,) = var (Y, ) =1.0, o =.05,and N = 200. We drew
10,000 samples from a multivariate normal population
with the above characteristics. ML results are shown in
Table 3. (For R code and Mplus code for this analysis,
see the Supplemental Material. We did not include
pwrSEM code for this example because it cannot take
attrition into account.)

These changes in secondary characteristics had note-
worthy effects, with power to detect path b varying from
.63 to .90 and power to detect pg ranging from .58 to
.93. Closer examination of Table 3 revealed three things.
First, increasing the Wave 1 correlation reduced power
slightly from .83 to .78 for the within-persons effect (path
b) and from .78 to .71 for the between-persons relation
(pgs). Second, increasing missingness had a somewhat
larger impact, reducing power from .85 to .76 for the
within-persons effect and from .78 to .70 for the between-
persons relation. Third, increasing stability paradoxically
improved power to detect the within-persons effect from
.77 to .85 but diminished power to detect the between-
persons relation from .87 to .62. Figure 4 highlights each
of these three effects, averaging across the other two
conditions. The loss of power to detect pys happens in
RI-CLPMs, trait-state models, and other approaches that
combine autoregressive and latent-curve models (e.g.,
Curran & Bollen, 2001) because increases in the stability
of the time-varying within-persons factors make it more
difficult to distinguish them from the time-invariant
between-persons factors. Even conceptually, to distin-
guish a completely stable “trait” from a highly stable
“state” is difficult. In the current example, reducing the
amount of missing data would improve the power to
detect both pys and path b. At least three methods of

Table 3. Monte Carlo Power Estimates for Detecting Within-Subjects Effect (Path ) and
Between-Subjects Relation (pyg) in a Structural-Equation-Modeling Approach to RI-CLPM for
Low and High PVSPs, Where Path b = .30, Path ¢ = 0, pgs=.50, o =.05, and N =200

Values for PVSPs

Wave 1 correlation Stability Average power

Pws % Missingness/wave (patha=d) for path b Power for py;q
Low: .30 Low: 0% Low: .30 .86 94
High: .60 Low: 0% Low: .30 72 .89
Low: .30 Low: 0% High: .50 .90 74
High: .60 Low: 0% High: .50 83 .63
Low: .30 High: 10% Low: .30 .78 .87
High: .60 High: 10% Low: .30 .63 82
Low: .30 High: 10% High: .50 82 66
High: .60 High: 10% High: .50 72 .58

Note: Highest and lowest power estimates are bold. PVSPs = plausible values for secondary parameters;

RI-CLPM = random intercept cross-lagged panel model.
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Fig. 4. How changes in secondary model parameters can differentially affect power to
detect within-persons effects (e.g., path b) versus between-persons relations (e.g., pys)
in random-intercept-cross-lagged-panel-analytic-model analyses. Each effect is computed
while averaging over the other two effects.

accomplishing this are possible. One might be to commit
more resources to participant retention. A second might
be to use a sampling-replenishment strategy (e.g., Taylor
et al., 2020). A third strategy (and the one implemented
here) is simply to increase the sample size. This strategy
revealed a need for 450 participants to achieve at least
.80 power for each hypothesis under all PVSP conditions
(results of these analyses are not shown).

Consequently, in a grant proposal, the power-analysis
paragraph might look like this:

To estimate power for the tests of our primary
hypotheses that b # 0 and p,; # 0, we used a PVSP
Monte Carlo approach. The lowest and highest
plausible values were .3 versus .6 for the Wave 1
correlation, .3 versus .5 for stability (e.g., Fong-Jia
et al., 2020; In-Albon et al., 2017), and 0% versus 10%
missingness per wave (Isaksson et al., 2020; Wouters
et al., 2013). Assuming that the true effects for the

primary hypotheses were (b = .3 and p,, =.50) and
assuming a = .05 and N = 450, power estimates
range from .95 to .99 for testing path b and from
.80 to .99 for testing py;.

Note that using a Monte Carlo approach, one could also
estimate the NV needed to detect not just either but both
hypotheses. We did not take this approach here, but
strong arguments have been made that studies should
be sufficiently powered for all hypotheses, not each
(Maxwell, 2000, 2004). Monte Carlo methods for estimat-
ing power to test combined effects are enormously easier
than analytic methods.

Even More Complex Models

Needless to say, examining the effects of every combina-
tion of PVSPs in a full factorial design quickly becomes
impractical as models increase in complexity and the
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number of PVSPs grows. For example, the structural
equation model in Figure 5 (where By is the parameter
of primary interest) contains 27 PVSPs and would require
2% = 134,217,728 simulations to examine all possible
combinations—completely impractical. Instead, we
advocate the examination of broad types of PVSPs.

In the current example, one could combine or cluster
these parameters into three broad types. The first per-
tains to measurement and consists of the 15 factor load-
ings, considered en masse. The second reflects the
strength of the covariates, which can be conceptualized
as the change in R? for X (and for Y) that is due to A,
B, and C. The third contains the three disturbance-term
covariances. Examining large and small values for these
three sets of PVSPs would require a 2 x 2 x 2 design and
only eight simulations.

For this example, Table 4 shows power estimates to
reject Hy: Byx = 0 for all combinations of low and high
values for all three types of PVSPs, assuming the actual
Byx =0.30, o = .05, and V= 300. Clearly, the measurement
parameters had the greatest impact. When factor loadings
were small (.35, .40, and .45 for the three measures of

each latent variable), power estimates ranged from .04
to .33. In contrast, when factor loadings were large (.65,
.70, and .75 for each latent variable), power estimates
ranged from .89 to .96. This pattern suggests that improve-
ments in measurement could dramatically improve power
without necessarily increasing the sample size. Alterna-
tive parameter combinations and clusters (e.g., disman-
tling the R?s into their component path coefficients)
yielded the same fundamental conclusion, demonstrating
that informed and judicious grouping of PVSPs can
reduce the number of conditions, making feasible a fac-
torial approach to power in complex models.

Discussion

Our primary goal in the current article was to address
some of the practical problems associated with estimat-
ing and reporting a priori power when one’s research
hypotheses are embedded in complex statistical models.
Based on simulations involving four increasingly
complex statistical models, four key recommendations
emerge.

I e

ox1y1

0x2y2

0x3y3

Fig. 5. Complex causal model for latent X — latent Y with three latent covariates (A, B,
C) and correlated residuals among measures of X and Y.
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Table 4. Monte Carlo Power Estimates for Detecting By in
the Structural Equation Model Depicted in Figure 5 When
Byx = 0.30, a =.05, and N = 300

Values for PVSPs

Strength of Covariances

covariates among Power to
Factor loadings (AR residuals detect Byy
Low (.35-.45) Low (.03) Low (.10) 19
Low (.35-.45) Low (.03) High (.60) 33
Low (.35-.45) High (.27) Low (.10) .04
Low (.35-.45) High (.27) High (.60) 28
High (.65-.75) Low (.03) Low (.10) .96
High (.65-.75) Low (.03) High (.60) 95
High (.65-.75) High (.27) Low (.10) 93
High (.65-.75) High (.27) High (.60) 89

Note: PVSP = plausible values for secondary parameter.

First, we strongly recommend Monte Carlo approaches
for the estimation of power in the context of complex
statistical models (e.g., Schoemann et al., 2017). Fortu-
nately, Monte Carlo utilities are available in many of the
same statistical packages that are often used to test such
models (e.g., R, Mplus, Stata, SAS). Monte Carlo methods
are especially important in situations in which closed-
form power calculations are difficult or impossible or
when researchers want to take into consideration such
data characteristics as missingness, nonnormality, reli-
ability, and so on. However, Monte Carlo power estima-
tion can also be illuminating even when analytic
approaches to power are available. In addition, several
tutorials and applications exist that can facilitate these
kinds of power analyses for certain kinds of statistical
models (see Spybrook et al., 2016; van Breukelen &
Candel, 2012; Wang & Rhemtulla, 2021). For example,
in multiple regression, power calculations simply based
on a medium f? (Cohen, 1988) can obscure the impact
of individual model parameters on the power to detect
a particular slope.

Second, in our experience, many grant proposals cite
previous studies to justify why the primary effect will
be as large as the researchers claim it will be in their
power analyses. Ironically, when the primary effect size
can be well justified by previous studies, the need for
the current grant proposal may be diminished. Why do
(or fund) a study if how big the effect size will be is
already known? However, using prior research to justify
the size of the secondary model parameters is critical.
When the project involves complex statistical models,
the power to detect the primary effect will depend on
the values of many secondary model parameters. In our
experience, the types of parameters that have the great-
est impact on power will vary from model to model and
will depend on the range of PVSPs under consideration.

Often, however, simulations reveal that power ultimately
hinges on one or two broad types of PVSPs. Monte Carlo
approaches for power analysis require the investigator
to assign values to these secondary characteristics. We
recommend that these values (a) be reported and (b)
should be well justified by prior research. Such prior
research need not resemble the proposed study as
long as it provides the information of interest. For
example, in SEM, identifying lowest and highest plau-
sible values for factor loadings could be based on cross-
sectional research even though the study of interest
is longitudinal.

Third, we suggest a six-step strategy for Monte Carlo
power estimation: (1) Set the primary parameter to be
the smallest effect size of interest or to be equal to an
effect size predicted by theory (Anderson, 2019; Lakens,
2014). This is based on the premise that the researcher
wants enough power to detect a value that is deemed
to be important. (2) Then decide on the lowest and the
highest plausible values for each secondary parameter.’
Ideally, these values will be justified by previous
research. (3) Conduct Monte Carlo power analyses for
various combinations of high and low values for these
PVSPs (in a full factorial design, if practical), bearing in
mind that power might well be different for different
hypotheses embedded in the same model. (4) When
possible, use these results to inform the reallocation of
resources or the modification of the study design so that
power is at least adequate under the worst PVSP condi-
tions for all hypotheses. (5) Report both the highest and
lowest estimates of power to detect the primary
parameter(s). These estimates constitute the best- and
worst-case scenarios (i.e., the upper and lower bounds
for one’s power). Such a PVSP approach makes explicit
the PVSP values on which power estimation is based
(even when their actual values are uncertain), thus
enabling the reader to evaluate the underlying assump-
tions. Despite the amount of work that goes into such
analyses, the results can be summarized quite efficiently.
(6) Finally, we recommend that authors include their
simulation code in appendices to their articles and grant
proposals. Doing so will (a) improve the transparency
of power analyses, (b) enable reviewers to insert and
test the effects of their own PVSPs, and (¢) lower the
threshold for novice users of code to start writing their
own simulations.

Fourth, The PVSP approach can also be adapted to
situations in which the research goal is to obtain a pre-
cise estimate of one or more parameters (e.g., Maxwell
et al., 2008). The simulation design remains the same,
but instead of focusing on sample size and power, the
goal switches to obtaining sufficiently narrow confi-
dence intervals for key parameters. Of course, this
necessitates a judgment as to what constitutes “suffi-
ciently narrow,” but otherwise, the statistical aspects of
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this approach follow the same essential logic as when
the objective is to estimate power.

Fifth, some models are used to test multiple hypoth-
eses. In some studies, one’s power to detect all primary
parameters may be similarly affected by changes in the
secondary parameters. Such was the case in our media-
tion example. However, this will not be true for all mul-
tihypothesis models, as demonstrated in our RI-CLPM
example. In such cases, researchers would do well to
take the necessary a priori steps to ensure that their
research design generates sufficient power to test all
hypotheses.

Finally, we want to emphasize that this method can
reveal ways to increase power by methods other than
increasing sample size. Informed by power analyses that
examine the effect of different PVSPs, researchers might
change their research designs in other (sometimes more
cost-effective) ways to improve power. Such analyses
can inform resource allocation. For some complex analy-
ses, increasing sample size might be the most effective
way to improve power; for others, improving measure-
ment might be a wiser course. The PVSP with the great-
est impact on power will depend on the model, the
hypothesis in question, and the values of sometimes
multiple secondary model parameters. For instance, in
some models, improving measurement may be a more
efficient and cost-effective method of increasing power
than increasing sample size.

Limitations, Future Directions, and
Conclusions

In the current article, we proposed a method for estimat-
ing and reporting power to test hypotheses that are
embedded in complex statistical models. Given the fre-
quent use of complex models in grant proposals and
published research, such methods are critical. Neverthe-
less, several limitations of the current article suggest
avenues for future research. First, we did not consider
all types of complex models, not even close. Indeed,
that was not our goal. Instead, we demonstrated our
approach by applying it to four specific (and increas-
ingly complex) models. Applications to qualitatively dif-
ferent models may require consideration of different
secondary parameters.

Second, we did not consider all possible ways that
secondary model parameters might be clustered when
taking a factorial, empirical approach to power. For
example, we treated factor loadings en masse and did
not consider the possibility that improved measurement
in some parts of a model might have a stronger effect
on power than it would in other parts. We regard ques-
tions such as these to be important domains for future
research.

Third, knowing how the value of a particular second-
ary parameter affects power is sometimes difficult. Some-
times we relied on previous work (e.g., research on
covariates summarized by Maxwell et al., 2017; research
on collinearity among predictors by Mason & Perreault,
1991). Other times, we empirically examined the power-
related effect of each secondary parameter in the specific
model under investigation. To understand more com-
pletely the power-related effects of secondary model
parameters is an important direction for future research.

Fourth, we advocated for an empirical (i.e., Monte
Carlo) approach that examines power as a function of
various types of secondary model parameters (Muthén
& Muthén, 2002). Although the tools for such analyses
are available via commonly used statistical programs
(e.g., R, Mplus, Stata, SAS, and pwrSEM), systematically
examining the effects of multiple secondary parameters
can be repetitive. Developing programs in which a facto-
rial approach to power is highly automated would be a
valuable addition to the applied researcher’s toolbox.

Fifth, we did not consider the complicating possibility
that varying a particular secondary model parameter
could (in real studies) be associated with changes in
other parameters. For example, greater collinearity of the
primary predictor with covariates might be associated
with smaller effect sizes for the primary predictor. In a
related vein, selecting PVSPs from diverse studies could
combine to increase one’s power to detect spurious
effects, as can other kinds of fallacious within-studies
assumptions (e.g., Cole & Preacher, 2014). Meta-analytic
examination of correlations among model parameters is
an important area in need of future research.

Sixth, some well-intentioned efforts to enhance power
can have iatrogenic effects. One example is when
increasing reliability by lengthening a measure acciden-
tally induces fatigue, biased responding, or attrition.
Another example occurs when researchers select meth-
odologically similar measures of a construct to improve
factor loadings but inadvertently infuse the underlying
latent variable with systematic method variance. Care
must be taken when enhancing power by changing the
research design, lest the changes compromise the integ-
rity of the original study.

Finally, some readers might be concerned that the
programming required for PVSP Monte Carlo power
analyses will be beyond the reach of many research
teams. We would argue, however, that conducting this
kind of power analysis for hypotheses embedded in com-
plex statistical models is not all that different from con-
ducting the data analyses themselves. In some programs,
a few additional lines of code can often convert the
data-analytic program to a Monte Carlo power-analytic
program (as in Mplus). In other cases, recently con-
structed and easily implemented apps are available (e.g.,
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pwrSEM). If the research team has the expertise to do
one, it almost certainly has the expertise to do the other.

In summary, we describe the use of highest and low-
est PVSPs in Monte Carlo estimates of power to test
hypotheses embedded in complex statistical models.
Using this method can reveal the most effective ways to
improve power in the context of a particular research
design beyond simply increasing sample size. This
method can also reduce the reporting of ambiguous and
unjustified power estimates. If implemented, our PVSP
approach may prevent the funding of underpowered
studies and consequently, help to eliminate one reason
for the current replication crisis.
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Notes

1. G*Power (http://www.gpower.hhu.de/), PowerUp! (https://
www.causalevaluation.org/), WebPower (http://webpower.psy
chstat.org), SampSize (https://www.epigenesys.org.uk/portfolio/

sampsize/), Power and Precision (https://www.power-analysis
.com), Power Analysis and Sample Size (PASS: https://www
.ness.com/software/pass), nQUERY (https://www.statsols.com/
nquery/sample-size-software-options), General Linear Mixed
Model Power and Sample Size (GLIMPSE: https://glimmpse.sam
plesizeshop.org), SAS PROC POWER, and PROC GLMPOWER.
See also Schoemann et al. (2017).

2. Of course, various study-specific characteristics (e.g., attrition,
measurement reliability) can also affect power and can also be
examined using Monte Carlo methods; however, in the current
article, we primarily focus on the primary and secondary param-
eters of the researcher’s statistical model.

3. In real applications, high collinearity may also reduce the
unique effect of the target predictor because more of its contri-
bution to the dependent variable will be accounted for by the
covariate. This would reduce power even more by reducing the
primary effect size. In the current example, however, we hold
f3, constant.

4. We elected not to use Mplus or pwrSEM for these analyses
because they rely on Wald tests of the indirect effect, which rely
on the incorrect assumption that ab is normally distributed and
often lead to the underestimate of power (Fritz & MacKinnon,
2007; MacKinnon et al., 2004).

5. In practice, not all combinations of PVSPs will be possible.
For example, the combination of several large slopes with large
correlations among the predictors could produce R* values that
exceed 1.0. In such circumstances, researchers will have to make
judgments about the plausibility of various combinations of
study characteristics.
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