\Y

Draftable

Draftable Comparison Export

This document is an exported comparison with limited functionality, generated by Draftable Desktop. To access full
functionality, use Draftable's powerful comparison viewer in any of our products.

Left document: PCIRR Stage 1 Manuscript Revision.pdf
Right document: PCI_RR Moderated Mediation Manuscript revision Round 2.pdf

What is this document?

This is a comparison of two documents. The two documents are interleaved such that the left document is displayed on
even pages and the right document is displayed on odd pages.

Is there a specific way I should view this file?

This document is intended to be viewed in Two Page Continuous mode (or sometimes called "Two Page Scrolling'). It
should open in this mode by default when using Adobe Acrobat and most popular PDF readers.

If the document opens in a different view, you can often change this in the settings. In Adobe Acrobat, go to View >
Page Display > Two Page Scrolling.

Why are there blank pages?

Blank pages are inserted to keep both documents as aligned as much as possible.

How do I read the changes?

Text deleted from the left document and, hence, not in right document is highlighted red. Text added to the right
document and, hence, not in left document is highlighted green.

Tip for printing

When printing this document, we recommend printing double-sided and include this first page. This will result in the
matching text being displayed on different pages and easily readable, much like a book.

For more information

Draftable offers powerful document comparison solutions for all use-cases. To view our products, please visit our
website: draftable.com.


https://draftable.com

MODEL (MIS)SPECIFICATION

How Does Model (Mis)Specification Impact Statistical Power, Type I Error
Rate, and Parameter Bias in Moderated Mediation? A Registered Report
Jessica L. Fossum!, Amanda K. Montoya?, and Samantha F. Anderson?
ISeattle Pacific University
2University of California - Los Angeles

3 Arizona State University

Author Note

Jessica L. Fossum () https://orcid.org/0000-0002-4907-0160

Amanda K. Montoya (2 https://orcid.org/0000-0001-9316-8184

Samantha F. Anderson () https://orcid.org/0000-0003-4451-5295

Correspondence concerning this article should be addressed to Jessica L. Fossum,
Department of Psychology, Seattle Pacific University, 3307 3rd Ave W. Suite 107, Seattle,
WA 98119. E-mail: fossumj@spu.edu.


https://orcid.org/0000-0002-4907-0160
https://orcid.org/0000-0001-9316-8184
https://orcid.org/0000-0003-4451-5295

MODEL (MIS)SPECIFICATION

How Does Model (Mis)Specification Impact Statistical Power, Type I Error
Rate, and Parameter Bias in Moderated Mediation? A Registered Report
Jessica L. Fossum!, Amanda K. Montoya?, and Samantha F. Anderson?
ISeattle Pacific University
2University of California - Los Angeles

3 Arizona State University

Author Note

Jessica L. Fossum () https://orcid.org/0000-0002-4907-0160

Amanda K. Montoya (2 https://orcid.org/0000-0001-9316-8184

Samantha F. Anderson () https://orcid.org/0000-0003-4451-5295

Correspondence concerning this article should be addressed to Jessica L. Fossum,
Department of Psychology, Seattle Pacific University, 3307 3rd Ave W. Suite 107, Seattle,
WA 98119. E-mail: fossumj@spu.edu.


https://orcid.org/0000-0002-4907-0160
https://orcid.org/0000-0001-9316-8184
https://orcid.org/0000-0003-4451-5295

MODEL (MIS)SPECIFICATION 2

Abstract

Moderated mediation models are commonly used in psychological research and other
academic fields to model when and how effects occur. Researchers must choose which paths
in the mediation model are moderated when specifying this type of model. While the
ultimate goal is to specify the model correctly, researchers may struggle to determine
whether to err on the side of including too many moderated paths (maximalist approach)
or including too few moderated paths (minimalist approach). This registered report
examines how the specification of moderation impacts statistical power, type I error rate,
and parameter bias for the index of moderated mediation. In a systematic review, we
found that six model specifications account for 85% of published moderated mediation
analyses and the median sample size was 285. We ran a Monte Carlo simulation study to
examine the impacts of model specification on power and type I error rate, and results were
analyzed using multilevel logistic regression. In reference to the data-generating process,
the data analysis model can either be correctly specified, over-specified, under-specified, or
completely misspecified. Over-specified models were hypothesized to have lower statistical
power to detect a significant index of moderated mediation compared to correctly specified
models, and relatively low parameter bias. Under-specified models were hypothesized to
have lower statistical power than correctly specified models, but unacceptably high
parameter bias. Completely misspecified models were hypothesized to have inflated type I
error rates and unacceptable parameter bias. Implications of results on study planning
(specification and sample size) for moderated mediation will be discussed.

Keywords: moderated mediation, statistical power, type I error rate, model

misspecification
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How Does Model (Mis)Specification Impact Statistical Power, Type I Error

Rate, and Parameter Bias in Moderated Mediation? A Registered Report

Psychological researchers are often interested in explaining how and when effects
occur. For example, Cognitive Remediation Therapy (CRT) has been demonstrated to
improve cognitive function, including planning, among individuals with schizophrenia
(Wykes et al., [2012)), and higher levels of cognitive functioning have been shown to improve
effectiveness at work (Wykes et al., 2007)). This suggests that cognitive function may be a
mechanism by which CRT improves work effectiveness (Wykes & Spaulding, 2011]).
Mediation analysis quantifies the degree to which a proposed mediator variable (e.g.,
cognitive function) acts as an intermediary through which one variable (e.g. CRT) affects
another (e.g., work effectiveness). Moderation analysis provides a way of examining when
or for whom effects occur. For example, improvements in planning are expected to improve
work effectiveness, but only for individuals with good memory (Wykes et al., 2012)). These
procedures can be used together in a moderated mediation analysis, exploring when or for
whom specific processes occur. In these models, any of the paths in a mediation can be

moderated (Preacher et al., 2007).

Researchers must choose which paths in the mediation are moderated, a process
called model specification. Each additional moderated path introduces an additional
interaction into the model, which can impact statistical power. Prior research emphasizes
the importance of theory in specification of the order of variables in a mediation model
(Fiedler et al., 2011}, 2018). Still, there have been limited explorations of how to specify
moderation in these models (Rohrer et al., [2022)) or the effect of model (mis)specification

on statistical power, type I error rate, and parameter bias.

Low power has been cited as a common source of problems in the scientific
literature (Ioannidis, 2005)), particularly concerning the replicability crisis (Anderson &
Maxwell, 2017; Earp & Trafimow, |2015). Prior research suggests a combination of small

effect sizes and insufficient sample sizes leads to low power for mediation and moderation
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analysis. For example, Fritz and MacKinnon (2007) found that the minimum sample size
required to detect a mediated effect when both paths involved in the indirect effect are
small to medium (an effect size common in psychology) was 558, but also that the median
sample size used for mediation analysis was only 187. Go6tz et al. (2021)) and Charlton

et al. (2021) conducted large-scale reviews of mediation analyses in psychology and
marketing journals, respectively, and found evidence that too many mediation analysis
results were just barely significant, suggesting either p-hacking, low power, or both.
Moderation analyses also tend to be underpowered (Marshall, [2007)). A 30-year review by
Aguinis et al. (2005) found the average effect size to be very small (f? = .002) while only
72% of the reviewed analyses had power of .8 to detect an effect of f2 = .02 (an order of
magnitude larger). Prior research in moderation analysis suggests that detecting more and
higher-order interactions requires larger sample sizes (McClelland & Judd, 1993). However,

this issue has not been explored in moderated mediation models.

In this paper, we contrast two potential philosophies of model specification:
maximalism and minimalism. A maximalist perspective would suggest that all paths in the
model should be moderated, as this would avoid missing any effects that might exist. While
the maximalist approach has not been discussed in the context of moderated mediation
previously, it has been applied in the context of factor analysis (Barr et al., 2013) and
multilevel modeling (Brysbaert, 2007; Matuschek et al., 2017). However, maximalist
approaches may result in low statistical power (Matuschek et al., 2017). Maximalist
approaches should also result in low parameter bias because including extraneous predictors
should not result in bias (Robins et al., [1994). By contrast, a minimalist approach would
suggest that the fewest possible paths should be moderated to maximize statistical power.
If however, truly moderated paths are omitted, this could result in parameter bias and type
I errors. Rimpler et al. (2024) found that omitting an interaction effect in linear regression
drastically biased simple effects. Ultimately, the goal of model specification is to correctly

specify the model. However, it is not always possible to know whether a model is correctly
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specified, and researchers may need to consider whether to lean toward a maximalist or
minimalist approach. In this registered report, we aim to provide guidance to researchers
in this regard, demonstrating the impact of these two philosophies on power, type I error,
and parameter bias in the context of moderated mediation.

It is important to consider model specification during the study planning phase, as
the model specification will also impact sample size planning. One goal of this registered
report is to identify if more complex models will require larger sample sizes to achieve
similar levels of power, and so the relative costs of selecting a more general model could be
corrected by planning to collect a larger sample size. This study provides guidance for
understanding how much sample sizes should vary depending on model specification.

The remainder of this introduction is organized as follows: We begin with an
introduction to moderated mediation analysis, including estimation and inference for the
index of moderated mediation. Next, we summarize the current literature on sample size
planning for mediation, moderation, and moderated mediation analysis. Finally, we outline
our simulation study examining the impact of model specification on power, type I error

rate, and parameter bias.
Introduction to Moderated Mediation

Mediation occurs when a predictor variable X affects an outcome Y through a
mediator variable M. The effect of X on Y when controlling for M is called the direct
effect, and the product of the effect of X on M and the effect of M on Y controlling for X
is the indirect effect, which is the effect of interest in mediation analysis. Moderation can
occur on any of these three paths, where the effect of one variable on another depends on
the value of a moderator variable, W. When paths that make up the indirect effect are
moderated, it is a moderated mediation model (Edwards & Lambert, [2007)).

This study focuses on simple mediation models (a single mediator) with one or more
paths moderated by a single moderator. These models are estimated using two linear

regression equations: one for M and one for Y. There are two possible equations for M,
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depending on whether (Eq (1)) or not (Eq [2)) moderation occurs on the X to M path:

M, = ap+ a1 X;+ aaW; + as X;W; + ep, (1)

M, = ap+ a1 X;+ e, (2)

The equation for Y can have the X to Y path moderated (Eq. , the M to Y path
moderated (Eq. [4]), both moderated (Eq. [f]), or neither moderated (Eq. [6)).

Y; = ¢y + X + AW+ & X Wi + bM; + ey, (3)

Y = ¢y + A X + Wi + by M + bo MW, + ey, (4)

Y; = ¢y + X + AW + s XWi + by My + bo MW, + ey, (5)
Yi=cy+ X + b M; + ey, (6)

Pairing together the equations for M and the equations for Y results in eight
possible models. This study focuses on six of these, as displayed in Figure[I} Two
combinations are not used in this study: the model where no paths are moderated (Eq.
&[6) and the model where only the direct effect is moderated (Eq. 2 & [3) thus not a
moderated mediation. Figure [1| displays each model using a conceptual diagram. In this
study, we use the model numbering system from the PROCESS macro (Hayes, 2022)). We
conducted a systematic review of 411 articles to understand which models are most
commonly used in practice, and six models emerged (Models 7, 8, 14, 15, 58, and 59; see
Appendix [A| for more details on the systematic review). The equation numbers for both M
and Y specifying each of the six moderated mediation models used in this simulation study

are displayed in Figure [T}

When the indirect effect is moderated, the conditional indirect effect quantifies the

indirect effect at a specific value of the moderator. Mathematically, the effect of X on M is
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When either path that makes up the indirect effect (i.e., the effect of X on M or the
effect of M on Y) is moderated, the conditional indirect effect quantifies the indirect effect
at a specific value of the moderator. Mathematically, the effect of X on M is multiplied by

the effect of M on Y to calculate the conditional indirect effect. For example if the effect of
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multiplied by the effect of M on Y to calculate the conditional indirect effect. For example
if the effect of X on M is moderated by W, it is defined by a; + a3W, otherwise it is a;. If
the effect of M on Y is moderated by W, it is defined by b; 4+ bsW, otherwise it is b;. So, for
example, if only the path from X to M is moderated the conditional indirect effect would

be (ay + azWW)by. Similar calculations can be used for any combination of moderated paths.

The index of moderated mediation quantifies the degree to which the conditional
indirect effect depends on the value of the moderator. A test on this index can be used to
evaluate the question “Is the mediation moderated?" (Hayes, 2015). If this index is zero at
the population level, this means that the indirect effect is constant across the values of the
moderator, but if it is non-zero, the indirect effect depends on the value of the moderator
(i.e., the mediation is moderated).

The index of moderated mediation is only defined in cases where the conditional
indirect effect is a linear function of the moderator with one exception (Hayes, 2015):
When the moderator is dichotomous, the index is defined for any model because the index
can be calculated as the difference between the two conditional indirect effects (evaluated
at each value of the moderator) (Fairchild & MacKinnon, [2009). Figure [1| gives the index
of moderated mediation for the six models described in this section. Inference can be
conducted on the index of moderated mediation using a percentile bootstrap confidence
interval (CI), which is a recommended method because it balances type I error and power

(Coutts, 2023; Yzerbyt et al., 2018).
Sample Size Planning for Moderated Mediation

There are many factors that have been shown to affect statistical power in
mediation and moderated regression separately (Aguinis, |1995; O’Rourke & MacKinnon,
2014), including effect size and sample size (Cohen, [1988), and correctly specifying the
model (Dupont & Plummer, [1998; Rimpler et al., [2024). Previous research in both
mediation analysis (Fairchild & McDaniel, 2017; Fritz & MacKinnon, 2007, Gotz et al.,

2021) and moderation analysis (Aguinis et al., 2005; Marshall, 2007) suggest that these
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analyses tend to be underpowered in psychology research. Our systematic review (see
Appendix found that the median sample size used for moderated mediation was 285.
This median sample size is larger than those found in mediation (Fritz & MacKinnon,
2007)), but still not large enough to detect even medium effects in mediation only. More
complex models (e.g., moderated mediation) likely require larger sample sizes than less
complex models. However, if researchers do not select their model a priori and plan their
sample size accordingly, we may see similar sample sizes used across different models. In
the systematic review, the most complex model we examined (Model 59) had the highest
median sample size of 363 (but not the highest of all models). Otherwise, there were no
other clear connections between sample size and model complexity. This suggests that

researchers may not be accounting for model complexity in their sample size planning.

Statistical power to detect the index of moderated mediation is difficult to
approximate (Bakker et al., [2016). While there are a variety of packages and tools
available to do sample size planning in mediation and moderation separately (Kenny, 2017}
Schoemann et al., [2017; Zhang & Wang, 2013; Zhang & Yuan, 2018), there is only one tool
we know of that conducts power analysis for the index of moderated mediation. Power
analysis for the index of moderated mediation for Models 7 and 14 is available in the R
package pwr2ppl (Aberson, 2019)). Currently, for models other than 7 and 14, there are no
tools available to conduct power analysis for the index of moderated mediation. WebPower
calculates power or the conditional indirect effect and for the moderation on a specific path
(Zhang & Yuan, 2018), but not the index of moderated mediation, which is the parameter
of primary interest. Statistical power analysis for moderated mediation is complex but still
an important step in study planning. This study aims to provide guidance about the
impact of model specification on power and thus how the selection of a model should

impact sample size planning.
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Model Misspecification in Moderated Mediation

Model specification is an important factor that affects type I error rate, power, and

parameter bias (Dupont & Plummer, 1998; Rimpler et al., |[2024)). In the context of this



MODEL (MIS)SPECIFICATION 9

Model Misspecification in Moderated Mediation

Model specification is an important factor that affects type I error rate, power, and
parameter bias (Dupont & Plummer, 1998; Rimpler et al.,|2024)). In the context of this
study, we use two pieces of information to determine if a model is misspecified: the
data-generating process (DGP) and the data analysis model. The former represents the
truth in the population. The latter is the model corresponding to the set of regression
equations fitted with the data, which may differ from the DGP. Based on this distinction,
we refer to cases where the data analysis model and the DGP do not match as model
misspecification. Correct specification of a moderated mediation model means that the
order of the X, M, and Y variables and the paths that are moderated are the same in the
DGP and analysis model. For the purposes of this study, we assume that the order of the
variables is always correct, and focus on specification of moderation. If the analysis model
has too many, too few, or the incorrect paths moderated, it is a misspecified model. Some
researchers may choose a maximalist approach which would always moderate all the paths,
whereas others may choose a minimalist approach which would try to minimize the number
of moderated paths. Both approaches can result in model misspecification, but the relative

cost of each type of misspecification may differ.

We differentiate model misspecification for moderated mediation into three possible
types which can result from maximalist or minimalist approaches. First, a maximalist
approach can result in over-specification: All paths that are moderated in the DGP are
moderated in the analysis model, plus at least one additional path is allowed to be
moderated in the analysis model. For example, when the DGP is Model 7, X to M path
moderated, using Model 8 for data analysis, X to M path and X to Y path moderated, is
an over-specified model. Introducing extraneous interactions in the model can introduce
excessive collinearity (e.g. between XW and MW in a model for Y') and reduce degrees of
freedom, each of which may negatively impact power. This is a potential risk of the

maximalist approach to model specification.
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study, we use two pieces of information to determine if a model is misspecified: the
data-generating process (DGP) and the data analysis model. The former represents the
truth in the population. The latter is the model corresponding to the set of regression
equations fitted with the data, which may differ from the DGP. Based on this distinction,
we refer to cases where the data analysis model and the DGP do not match as model
misspecification. Correct specification of a moderated mediation model means that the
order of the X, M, and Y variables and the paths that are moderated are the same in the
DGP and analysis model. For the purposes of this study, we assume that the order of the
variables is always correct, and focus on specification of moderation. If the analysis model
has too many, too few, or the incorrect paths moderated, it is a misspecified model. Some
researchers may choose a maximalist approach which would always moderate all the paths,
whereas others may choose a minimalist approach which would try to minimize the number
of moderated paths. Both approaches can result in model misspecification, but the relative

cost of each type of misspecification may differ.

We differentiate model misspecification for moderated mediation into three possible
types which can result from maximalist or minimalist approaches. First, a maximalist
approach can result in over-specification: All paths that are moderated in the DGP are
moderated in the analysis model, plus at least one additional path is allowed to be
moderated in the analysis model. For example, when the DGP is Model 7, X to M path
moderated, using Model 8 for data analysis, X to M path and X to Y path moderated, is
an over-specified model. Introducing extraneous interactions in the model can introduce
excessive collinearity (e.g. between XW and MW in a model for Y) and reduce degrees of
freedom, each of which may negatively impact power. This is a potential risk of the

maximalist approach to model specification.

Second, a minimalist approach can result in under-specification: At least one path
included in the indirect effect is moderated in both the DGP and data analysis model, but

the data analysis model does not include all the moderated paths from the DGP. For
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Second, a minimalist approach can result in under-specification: At least one path
included in the indirect effect is moderated in both the DGP and data analysis model, but
the data analysis model does not include all the moderated paths from the DGP. For
example, if the DGP is Model 8 and the analysis model is Model 7, the model is
under-specified because the analysis model has omitted the moderated direct effect. The
data analysis model could also include additional moderated paths not included in the
DGP. For example, if Model 58 is the DGP and Model 8 is used for data analysis, we
consider this under-specified because Model 8 does not include the moderation on the M to
Y path from the DGP, but Model 8 also moderates the direct effect, which is not
moderated in the DGP. Under-specification omits important elements of the DGP, which
could bias parameters and lead to incorrect conclusions about which paths are moderated
(Yzerbyt et al., |2018). This is a potential risk of the minimalist approach to model

misspecification.

Minimalist approaches can also lead to complete misspecification, where the DGP
includes moderation on a path that is not moderated in the data analysis model, and the
data analysis model includes moderation of a path that is not moderated in the DGP. In
this case, the index of moderated mediation calculated with the data analysis model should
be 0 based on the DGP. For example, when the DGP is Model 7 with the X to M path
moderated, using Model 14 (with only the M to Y path moderated) for the data analysis
would be a complete misspecification. The index of moderated mediation from Model 14 is
a1bz, which should be 0 based on the DGP. Moderation on the direct effect is not involved
in determining complete misspecification because that path is not used for the index of
moderated mediation. Incorrectly specifying where the moderation occurs in the model
may lead the estimates of the paths to be biased and incorrect conclusions about which

paths are moderated (Yzerbyt et al., 2018).
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example, if the DGP is Model 8 and the analysis model is Model 7, the model is
under-specified because the analysis model has omitted the moderated direct effect. The
data analysis model could also include additional moderated paths not included in the
DGP. For example, if Model 58 is the DGP and Model 8 is used for data analysis, we
consider this under-specified because Model 8 does not include the moderation on the M to
Y path from the DGP, but Model 8 also moderates the direct effect, which is not
moderated in the DGP. Under-specification omits important elements of the DGP, which
could bias parameters and lead to incorrect conclusions about which paths are moderated
(Yzerbyt et al., |2018). This is a potential risk of the minimalist approach to model
misspecification.

Minimalist approaches can also lead to complete misspecification, where the DGP
includes moderation on a path that is not moderated in the data analysis model, and the
data analysis model includes moderation of a path that is not moderated in the DGP. In
this case, the index of moderated mediation calculated with the data analysis model should
be 0 based on the DGP. For example, when the DGP is Model 7 with the X to M path
moderated, using Model 14 (with only the M to Y path moderated) for the data analysis
would be a complete misspecification. The index of moderated mediation from Model 14 is
a1bs, which should be 0 based on the DGP. Moderation on the direct effect is not involved
in determining complete misspecification because that path is not used for the index of
moderated mediation. Incorrectly specifying where the moderation occurs in the model
may lead the estimates of the paths to be biased and incorrect conclusions about which

paths are moderated (Yzerbyt et al., 2018).
Current Study

This simulation study examines the effect of maximalist and minimalist approaches
to model specification (correctly, over-, under-, or completely misspecified) on statistical
power, type I error rate, and parameter bias in commonly used moderated mediation

models. Table [1] gives which data analysis models are considered an over-specification,
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Current Study

This simulation study examined the effect of maximalist and minimalist approaches
to model specification (correctly, over-, under-, or completely misspecified) on statistical
power, type I error rate, and parameter bias in commonly used moderated mediation
models. Table [1| gives which data analysis models are considered an over-specification,
under-specification, or complete misspecification based on the DGP. When comparing over-
and under-specified models to correctly-specified models, we focused on statistical power,
given that in both cases, a positive test of the index of moderated mediation would be
detecting true moderated mediation in the population even though the model is
misspecified. When examining completely misspecified models, we focused on the type I
error rate, given that for these models the index of moderated mediation in the analysis
model is zero at the population level. For all types of models, we examine parameter bias,
as model misspecification may also result in biased parameters, which can provide insight

into patterns of type I error and power.

Research Question 1 examines the consequences of the maximalist approach:
specifically, how over-specification impacts the statistical power of the index of moderated
mediation and parameter bias. We hypothesized that the statistical power of the index of
moderated mediation would be lower for over-specified models compared to correctly
specified models (Hla). We also hypothesized that, within the set of over-specified models,
power would be lower for models with more moderated paths (H1b). Finally, we
hypothesized that parameter bias for over-specified models would be acceptable (<10%) in

each condition (Hlc).

Research Question 2 examines the consequences of the minimalist approach:
specifically, how under-specification impacts the statistical power of the index of moderated
mediation and parameter bias. We hypothesized that the statistical power of the index of
moderated mediation would be lower for under-specified models compared to correctly

specified models (H2a). We also hypothesized that parameter bias would be unacceptable
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under-specification, or complete misspecification based on the DGP. When comparing over-
and under-specified models to correctly-specified models, we focus on statistical power,
given that in both cases, a positive test of the index of moderated mediation would be
detecting true moderated mediation in the population even though the model is
misspecified. When examining completely misspecified models, we focus on the type I error
rate, given that for these models the index of moderated mediation in the analysis model is
zero at the population level. For all types of models, we examine parameter bias, as model
misspecification may also result in biased parameters, which can provide insight into

patterns of type I error and power.

Research Question 1 examines the consequences of the maximalist approach:
specifically, how over-specification impacts the statistical power of the index of moderated
mediation and parameter bias. We hypothesize that the statistical power of the index of
moderated mediation will be lower for over-specified models compared to correctly specified
models (Hla). We also hypothesize that, within the set of over-specified models, power will
be lower for models with more moderated paths (H1b). Finally, we hypothesize that

parameter bias will be acceptable (<10%) for over-specified models (Hlc).

Research Question 2 examines the consequences of the minimalist approach:
specifically, how under-specification impacts the statistical power of the index of moderated
mediation and parameter bias. We hypothesize that the statistical power of the index of
moderated mediation will be lower for under-specified models compared to correctly
specified models (H2a). We also hypothesize that parameter bias will be unacceptable
(>10%) for under-specified models (H2b).

Research Question 3 examines another consequence of the minimalist approach:
how complete misspecification impacts the type I error rate for a test on the index of
moderated mediation. We hypothesize that the type I error rate will be too high (liberal)
according to the criterion set by Bradley (1978, > 0.075) in completely misspecified models

(H3a). Additionally, we hypothesize that raw bias will be unacceptably high (greater than
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(>10%) for under-specified models (H2b).

Research Question 3 examined another consequence of the minimalist approach:
how complete misspecification impacts the type I error rate for a test on the index of
moderated mediation. We hypothesized that the type I error rate would be too high
(liberal) in completely misspecified models (H3a). Additionally, we hypothesized that raw
bias would be unacceptably high (H3b).

In total, we tested six common moderated mediation specifications, and we tested
the above hypotheses across effect sizes, sample sizes, and variable types common in the
current literature. Conclusions from this study inform the degree to which model
specification and number of moderated paths impact statistical power, type I error rates,
and parameter bias in moderated mediation models. We use this information to provide
guidance for study planning with moderated mediation; in particular, how model

specification should impact sample size planning.
Method

The goal of any model specification approach is to correctly specify the model,;
however, researchers may find themselves unsure about whether to allow certain paths in a
moderated mediation to be moderated. For example, a researcher may hypothesize that
the path from X to M is moderated and the path from M to Y is not, but have no clear
hypothesis about the direct effect. Should that researcher select Model 7 (no moderated
direct effect) or Model 8 (moderated direct effect)? These decisions map onto maximalist
and minimalist approaches to model specification, both of which can result in model
misspecification. The goal of this simulation study was to understand how model
misspecification affects statistical power, type I error rate, and parameter bias in
moderated mediation models.

We generated data using each one of the six DGPs, and then fit the data using all
six data analysis models, one of which was correctly specified. Models 58 and 59 were not

used for generation and analysis when the moderator was continuous. We recorded whether
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.00286, which is the raw bias equivalent of 10% relative bias) for completely misspecified
models (H3b).

In total, we will use six common moderated mediation specifications, and we will
test the above hypotheses across effect sizes, sample sizes, and variable types common in
the current literature. Conclusions from this study will inform the degree to which model
specification and number of moderated paths impact statistical power, type I error rates,
and parameter bias in moderated mediation models. We will use this information to
provide guidance for study planning with moderated mediation; in particular, how model

specification should impact sample size planning.
Method

The goal of any model specification approach is to correctly specify the model,
however, researchers may find themselves unsure about whether to allow certain paths in a
moderated mediation to be moderated. For example, a researcher may hypothesize that
the path from X to M is moderated and the path from M to Y is not, but have no clear
hypothesis about the direct effect. Should that researcher select Model 7 (no moderated
direct effect) or Model 8 (moderated direct effect)? These decisions map onto maximalist
and minimalist approaches to model specification, both of which can result in model
misspecification. The goal of this simulation study is to understand how model
misspecification affects statistical power, type I error rate, and parameter bias in
moderated mediation models.

We will generate data using each one of the six DGPs, and then fit the data using
all six data analysis models, one of which is correctly specified. Models 58 and 59 will not
be used for generation and analysis when the moderator is continuous. We will record
whether the confidence interval for the index of moderated mediation excludes zero, which
reflects statistical power (correctly, over-, and under-specified models) or type I error rate
(completely misspecified models). We will record parameter bias for the index of

moderated mediation for all analysis models. Effects will be examined across a variety of
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the confidence interval for the index of moderated mediation excluded zero, which reflects
statistical power (correctly, over-, and under-specified models) or type I error rate
(completely misspecified models). We recorded parameter bias for the index of moderated
mediation for all analysis models. Effects were examined across a variety of realistic
conditions: sample sizes, the effect size of the interaction term(s) in the model, and both

dichotomous and continuous W and X variables.
Simulation Conditions

We used a Monte Carlo simulation with an incomplete 6 (Between: Generating
Model) x 9 (Between: Sample Size) x 3 (Between: Effect Size) x 2 (Between: Normal or
Dichotomous X) x 2 (Between: Normal or Dichotomous W) x 6 (Within: Analysis Model)
factorial design. Table [2] lists each condition and the levels used. The design is incomplete
because Models 58 and 59 were only used to generate and analyze data when W was
dichotomous because the index of moderated mediation is undefined in these models when

W is continuous.
Simulation Procedure

We used GAUSS 21 on a Windows server for data generation, generating 5000
samples of data in each condition. We used the 10th and 90th percentiles of the sample
sizes seen in our systematic review (Appendix as the maximum and minimum sample
sizes examined in the simulation. Thus, we considered the following sample sizes: 100, 150,
200, 250, 300, 400, 500, 750, and 1000 as those corresponded to the 