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ABSTRACT 
Meta-analytic structural equation modeling (MASEM) enables meta-analytic investigations of multivari
ate models. A common research objective in meta-analyses is identifying study-level moderators that 
explain heterogeneity across primary studies. Several MASEM approaches have been extended to 
include moderators; however, research evaluating and comparing these approaches remains scarce. 
The present study discusses several parameter-based moderated MASEM approaches covering one- 
stage and two-stage as well as fixed and random effects approaches. We implement these different 
MASEM approaches using a Bayesian modeling framework and evaluate them through two simulation 
studies. We compare bias, efficiency, coverage rates, and statistical power of moderator effects across 
different numbers of primary studies, sample sizes, random effect structures, and structural models. 
Results imply that different parameter-based MASEM approaches provide approximately unbiased esti
mates and appropriate coverage of study-level moderation effects. An empirical example illustrates 
the application of the different approaches. Finally, we provide an overall discussion of the findings 
and their implications.
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1. Introduction

In recent years, several meta-analytic methods have been 
proposed to synthesize empirical findings on multivariate 
theoretical models across multiple primary studies that have 
measured the same or at least a similar set of variables. 
These meta-analytic methods allow researchers to move 
beyond the aggregation of univariate or bivariate statistics in 
meta-analyses. Many of these methods can be categorized as 
meta-analytic structural equation models (MASEM; e.g., 
Becker & Wu, 2007; Cheung & Cheung, 2016; Furlow & 
Beretvas, 2005; Ke et al., 2025; Viswesvaran & Ones, 1995). 
MASEM significantly expands the meta-analytic toolbox by 
enabling the estimation and testing of structural equation 
models (SEM; Bollen, 1989; J€oreskog et al., 2016) using data 
from multiple studies. This includes a broad range of multi
variate models, such as multiple regression, factor analysis, 
mediation models, longitudinal models, or any combination 
of them.

Various approaches to MASEM have been developed that 
differ in theoretical assumptions and estimation procedures. 
A key distinction between different approaches concerns 
how between-study heterogeneity is conceptualized. Fixed 
effects MASEM assumes that a single structural model and 
a corresponding fixed set of population parameters hold 
across primary studies, and any observed differences in cor
relation or covariance structures are solely due to sampling 

error (Cheung & Cheung, 2016; Oort & Jak, 2016). By con
trast, random effects approaches account for the possibility 
of systematic heterogeneity across studies, considering that 
correlations between variables or structural parameters may 
vary due to factors such as differences in study design fea
tures, sample characteristics, or other contextual moderators 
(Cheung & Cheung, 2016).

Two conceptually distinct approaches have been pro
posed for modeling random effects within MASEM: the cor
relation-based (e.g., Cheung & Chan, 2005, 2009; Furlow & 
Beretvas, 2005) and the parameter-based approach (e.g., 
Becker & Wu, 2007; Cheung & Cheung, 2016). Correlation- 
based approaches conceptualize random effects as deviations 
from a model-implied population correlation matrix, quanti
fying heterogeneity for each correlation coefficient between 
the included variables. Parameter-based approaches define 
random effects as deviations from the average population 
level structural parameters, quantifying heterogeneity for 
each freely estimated parameter in the structural model 
under investigation.

In order to explain heterogeneity across studies, many 
meta-analyses include examinations of study-level modera
tors. To expand MASEM for this purpose, both correlation- 
based and parameter-based MASEM have been proposed to 
be extended by moderator effects. Notably, in both 
approaches, these moderation effects are located at the level 
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of structural parameters (Jak & Cheung, 2020; Ke et al., 
2025). Thus, for applications of MASEM that prioritize 
interpreting SEM parameters, parameter-based approaches 
provide quantification of both between-study heterogeneity 
and moderation effects at the level of SEM parameters. This 
alignment can be a concrete advantage, for instance, when 
enriching moderation analyses through the calculation of R2 

measures to quantify explained heterogeneity for specific 
SEM parameters (Ke et al., 2025). Despite this potentially 
advantageous alignment between the quantification of het
erogeneity and the effects of moderators, methodological 
evaluations of the statistical performance of parameter-based 
MASEM approaches remain scarce. This gap is particularly 
noteworthy given that the investigation of study-level mod
erators represents a primary research objective in many 
meta-analyses, including those using MASEM (see, e.g., 
Agostini & van Zomeren, 2021; Dapp et al., 2023; M€oller 
et al., 2020; Scherer & Campos, 2022; Vasconcellos et al., 
2025). To address this gap, the present study conducts two 
simulation studies to evaluate and compare different param
eter-based MASEM approaches with a specific focus on 
moderation effects for the first time. Through this compari
son, we aim to provide practical guidance for applied 
researchers interested in examining study-level moderators 
in the context of MASEM.

This article is structured as follows. After briefly intro
ducing SEM notation, we provide an overview of MASEM 
approaches, including a detailed discussion of how study- 
level moderators can be included in MASEM. Next, two 
simulation studies are presented focusing on the perform
ance of estimating study-level moderation effects across 
various conditions and parameter-based MASEMs. The first 
simulation study is based on a two-dimensional CFA model 
with study-level moderators. The second simulation study 
examines the flexibility of moderated parameter-based 
MASEM by implementing and evaluating a longitudinal 
meta-analytic model: the random-intercept first-order autor
egressive (RI-AR(1)) model, also referred to as the univari
ate random-intercept cross-lagged panel model (Hamaker 
et al., 2015). We then illustrate the application of the differ
ent moderated parameter-based approaches by reanalyzing 
an empirical meta-analytic dataset. Finally, we discuss the 
simulation results, outline implications for applied research, 
and propose directions for future methodological develop
ments and evaluations.

2. Structural Equation Modeling

SEM allows researchers to estimate and test models that 
imply complex relationships among manifest (observed) and 
latent (unobserved) variables (Bollen, 1989; McArdle & 
McDonald, 1984; Raykov & Marcoulides, 2012; Yuan & 
Bentler, 2006). SEM is typically represented in terms of two 
main components—a measurement model and a structural 
model (Bollen, 1989; Hoyle, 1995). The measurement model 
relates a vector of observed variables y (also referred to as 
indicators) to a vector of latent variables g and is repre
sented as

y ¼ Kgþ e, (1) 

where K is a matrix of factor loadings and e is a vector of 
errors. Here, we assume E(y) ¼ 0, E(g) ¼ 0, E(e) ¼ 0, 
meaning that all variables are mean-centered (if required, a 
mean structure can be included and estimated; see, e.g., 
Bollen, 1989; Hoyle, 1995). Measurement errors e are multi
variate normally distributed with zero mean vector and 
covariance matrix X: In addition, measurement errors and 
latent variables are assumed to be uncorrelated.

The structural part, which represents the relationships 
between latent variables, is given by

g ¼ Βgþ f, (2) 

where Β is a matrix of regression coefficients and f is a vec
tor of disturbances, which are again multivariate normally 
distributed with zero mean vector and covariance matrix W:

Adding the measurement part and assuming that f and e 

are uncorrelated, the model-implied covariance matrix is 
derived as

R hð Þ ¼ K I − Βð Þ
−1

W I − Βð Þ
−1� �T

KT þX, (3) 

where h is a vector of transformed freely estimated model 
parameters contained in Β; K; W; and X: In the following, 
we assume that appropriate parameter transformations are 
applied to ensure that optimization is performed over an 
admissible parameter space. More specifically, the logit 
transformation is used for parameters bounded between 0 
and 1 (e.g., standardized loadings), the logarithmic trans
formation for parameters constrained to positive values 
(e.g., variances), and the Fisher z-transformation for param
eters ranging between −1 and 1 (e.g., correlations). When 
estimating this model, the discrepancy between the empir
ical covariance or correlation matrix and the model-implied 
covariance (or standardized covariance) matrix is minimized 
(see, e.g., Bollen, 1989; Browne & Arminger, 1995; Cudeck, 
1989; Yuan & Bentler, 2006).

3. Meta-Analytic Structural Equation Modeling

In the context of meta-analysis, researchers are interested in 
summarizing results across multiple primary studies rather 
than analyzing a single dataset from one study as assumed 
in the previous section. Consequently, instead of a single 
empirical covariance or correlation matrix, MASEM involves 
the integration and modeling of data from S studies, each 
contributing a sample correlation or covariance matrix (e.g., 
Cheung & Hafdahl, 2016; Viswesvaran & Ones, 1995). 
Typically, MASEM uses vectorized sample correlation matri
ces as reported (or computed) for each individual study as 
the primary input data (e.g., Becker, 1992; Cheung & Chan, 
2005; Cheung & Cheung, 2016). Thus, let q̂i ¼ ðq̂i1, :::, q̂iHÞ

be a vector with H entries containing the bivariate estimated 
sample correlations of the variables of interest as measured 
in primary study i (i ¼ 1, 2, :::, S). If the number of variables 
is p; then the length of q̂i is H ¼ pðp−1Þ

2 ; representing all 
unique pairwise correlations among the p variables.
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Using asymptotic theory, the distribution of the estimated 
correlations q̂i follows approximately a multivariate normal 
distribution, that is q̂i � MVNðqi, V iÞ (Hedges & Olkin, 
1981; Olkin & Finn, 1995; Steiger & Hakstian, 1982). Here, 
the vector qi includes the population correlation coefficients 
and V i is the corresponding H � H sampling covariance 
matrix. Typically, an estimate V̂ i of this covariance matrix 
is calculated as a function of the study sample size and the 
observed correlations q̂i (Olkin & Finn, 1995; see also 
Cheung & Chan, 2004).

3.1. Fixed Effects Approach
In the next step, an SEM is imposed to model the pattern of 
correlations among the observed variables across studies 
(e.g., Oort & Jak, 2016). As introduced in the previous sec-
tion, the model-implied correlation matrix for a given struc-
tural model is a function of a vector of free model 
parameters RðhÞ: In the meta-analytic context, this formula-
tion is extended to multiple studies by expressing each 
study’s estimated vector of bivariate sample correlations as a 
function of the common structural model and its free model 
parameters written as

q̂i ¼ qðh0Þ þ ei, (4)

where qðh0Þ denotes the vectorized form of the model-
implied population average correlation coefficients reflecting 
the model structure imposed by a given structural model 
and its estimated population parameters included in h0: The 
residuals ei follow a multivariate normal distribution with 
zero mean vector and sampling covariance matrix V̂ i: It 
needs to be emphasized that the fixed effects approach in 
Equation (4) assumes that all residual between-study vari-
ation in the observed correlations q̂i is attributable to sam-
pling errors. However, in practical applications, it is often 
observed that the correlations reported across primary stud-
ies exhibit greater variability than can be explained by sam-
pling errors alone (Cheung & Cheung, 2016; Hafdahl, 2008). 
This suggests the presence of additional sources of between-
study heterogeneity, such as differences in study design fea-
tures or sample characteristics. Consequently, random 
effects approaches to MASEM have been developed to 
account for heterogeneity in the observed correlations that 
cannot be explained by sampling error alone (Cheung & 
Cheung, 2016; Ke et al., 2025).

3.2. Random Effects Approach
Two general conceptualizations for incorporating random 
effects into MASEM can be distinguished (Cheung & 
Cheung, 2016). In the correlation-based approach (e.g., Jak 
& Cheung, 2020), Equation (4) is extended by a vector of 
random effects in the following way

q̂i ¼ qðh0Þ þ uqi þ ei, (5)

where uqi represents the deviation of study i from the popu-
lation average model-implied vector of correlation coeffi-
cients qðh0Þ: Random effects uqi have a multivariate normal

distribution with zero means and a covariance matrix Tq;

that is uqi � MVNð0,TqÞ:

In the parameter-based approach (e.g., Cheung & 
Cheung, 2016; Ke et al., 2019), Equation (4) is extended as 
follows

q̂i ¼ qðh0 þ uhiÞ þ ei, (6) 

where uhi represents the deviation of study i from the popu
lation average vector of SEM parameters h0 with uhi �

MVNð0,ThÞ: As is evident when comparing Equations (5)
and (6), the correlation-based approach conceptualizes 
between-study heterogeneity (i.e., Tq) as study-specific devi
ations from the population average correlation coefficients. 
In contrast, the parameter-based approach conceptualizes 
between-study heterogeneity (i.e., Th) as study-specific devi
ations from the population average SEM parameters.

3.3. Including Study-Level Moderation Effects
In many meta-analyses, a primary objective is not only to 
account for between-study heterogeneity but also to explain 
it through study-level moderators. Consequently, both types 
of random effects MASEM approaches have been extended 
by moderators. For example, Jak and Cheung (2020) incor-
porated moderators in the correlation-based approach. 
Using their proposed extension, Equation 5 is expanded as 
follows

q̂i ¼ qðh0 þ CziÞ þ uqi þ ei, (7)

where C is a matrix of moderation effects and zi is a vector 
of moderators. In a similar way, the parameter-based 
approach can be extended to include study-level moderators 
(Cheung & Cheung, 2016; Ke et al., 2025)

q̂i ¼ qðh0 þ Czi þ uhiÞ þ ei: (8)

Comparing Equations (7) and (8) reveals that moderated 
parameter-based MASEM aligns the quantification of het-
erogeneity at the level of SEM parameters with the location 
of the moderation terms. In contrast, moderated correl-
ation-based MASEM assumes random effects at the level of 
correlation coefficients and moderation effects for SEM 
parameters (see Cheung, 2015).

In many MASEM applications, researchers are primarily 
interested in examining and explaining the variability of 
SEM parameters such as standardized factor loadings, inter-
factor correlations, and regression coefficients. In these con-
texts, it can be helpful to align heterogeneity quantification 
and moderation effects at the SEM parameter level, for 
example, to calculate the explained heterogeneity for specific 
SEM parameters and moderators. However, despite these 
conceptual strengths, parameter-based MASEM has hardly 
been systematically evaluated to date, except for a simula-
tion study provided by Ke et al. (2019). An evaluation 
regarding study-level moderation effects is completely miss-
ing so far. These gaps in the literature may help explain 
why parameter-based MASEM remains rarely used in sub-
stantive meta-analytic research. In light of these limitations 
and in response to recent calls for further methodological
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evaluations (see, e.g., Ke et al., 2019; 2025), we focus on par
ameter-based approaches in this article.

3.4. Estimation Procedures for the Parameter-Based
Approach
There exist mainly two general strategies for estimating 
(moderated) parameter-based MASEMs: a one-stage (Ke 
et al., 2019) and a two-stage approach (e.g., Becker, 1992; 
Becker & Wu, 2007; Cheung & Cheung, 2016). In the two-
stage approach, the target SEM is fitted to the correlation 
matrix (or dataset) of each primary study separately. After 
estimating the model of interest for each primary study, the 
study-specific vector of parameter estimates ĥi and their 
asymptotic sampling covariance matrix V̂ hi are kept from 
each primary study (e.g., Cheung & Cheung, 2016). The 
matrix V̂ hi reflects the uncertainty in ĥi due to sampling 
variability and is typically obtained directly from the estima-
tion output of the SEM software used (e.g., via the inverse 
of the Fisher information matrix, or the robust sandwich 
estimator). Both, ĥi and V̂ hi are used as inputs for a random 
effects meta-regression model in the second step. More for-
mally, the two-stage procedure can be represented as (e.g., 
Cheung & Cheung, 2016)

Stage 1:

fit qi ¼ qðhiÞ to q̂i and obtain ĥi and V̂ hi for study
i ¼ 1, 2, :::, S

Stage 2 : ĥi ¼ h0 þ Czi þ uhi þ ehi, (9)
with ehi � MVNð0, V̂ hiÞ and uhi � MVNð0, ThÞ:

where uhi is a vector of study-specific deviations from the 
average population parameters h0: Note that the residuals 
ehi reflect the uncertainty (i.e., V̂ hi) that is due to estimating 
the SEM parameters in study i.

Ke et al. (2019) developed a one-stage approach to par-
ameter-based MASEM that fits Equation (6) directly to the 
set of primary-study-specific correlation matrices. Compared 
to two-stage approaches, one-stage approaches can provide 
more efficient parameter estimates when the model is cor-
rectly specified. A particular challenge of this approach, 
however, is model estimation when many random effects 
are included, due to the large number of SEM parameters 
that must be estimated. To address the computational and 
numerical difficulties associated with the high-dimensional 
integration required by frequentist methods (e.g., maximum 
likelihood), Ke et al. (2019) proposed using Bayesian estima-
tion via Markov Chain Monte Carlo (MCMC) sampling 
techniques. Simulation studies indicated that this one-stage 
approach produces approximately unbiased estimates and 
yields reliable inferences for MASEM parameters (in two-
dimensional CFA models without study-level moderators) 
under realistic conditions. Comparing a fixed and a random 
effects model, Ke et al.’s simulation results implied accurate 
estimation of population average CFA model parameters 
(i.e., loadings and interfactor correlation) for both models 
but substantially reduced coverage rates for the fixed effects

model when the data-generating model imposed between- 
study heterogeneity.

4. Present Study

In the present study, we aimed to evaluate four different 
moderated parameter-based MASEM approaches, with a 
particular focus on their performance in estimating moder
ation effects. First, we considered Ke et al.’s (2019) one- 
stage parameter-based random effects approach. In the 
model version used in Ke et al. (2019), the authors imposed 
an assumption of uncorrelated random effects to reduce the 
complexity of the model. In line with this, we implemented 
Equation (6) with Th being reduced to a diagonal matrix. In 
the following, this model is referred to as OS-UCRE (one- 
stage with uncorrelated random effects). Second, we also 
considered the same model with the full covariance matrix 
of the random effects being estimated. We refer to this 
model as OS-CRE (one-stage with correlated random 
effects). Third, we also implemented a fixed effects version 
of moderated one-stage MASEM (see Equation (4)). 
However, as known from the literature (Raudenbush & 
Bryk, 2002; see also Barr et al., 2013; Heisig & Schaeffer, 
2019), ignoring heterogeneity—i.e., not modeling random 
effects when parameter heterogeneity is present in the data- 
generating model—can bias standard error (SE) estimation 
and thus statistical inference. This issue has also been dem
onstrated for one-stage MASEMs in the simulation studies 
by Ke et al. (2019). Nevertheless, given the possible scenario 
that researchers are not interested in quantifying parameter 
heterogeneity and instead focus on correct inference for 
moderation effects, a fixed effects MASEM with robust SE 
estimation methods can be a reasonable alternative to ran
dom effects modeling. Therefore, we included a fixed effect 
approach with moderator effects and resampling-based SE 
estimation (e.g., Rao & Wu, 1988) in our evaluations. This 
model is referred to as OS-FE in the following. Fourth, we 
also included the two-stage estimation procedure to param
eter-based MASEM. This model is referred to as TS in the 
following.

We compared these approaches in two simulation stud
ies. In Simulation Study 1, we used a frequently employed 
simulation scenario in MASEM, namely a two-dimensional 
CFA model with heterogeneous SEM parameters across pri
mary studies, and extended it by study-level moderator 
effects. Simulation Study 2 demonstrates the flexibility of 
moderated parameter-based MASEM. For this purpose, we 
implemented MASEMs and generated data for a meta- 
analytic random-intercept autoregressive model (RI-AR(1); 
Skrondal & Rabe-Hesketh, 2008), also referred to as the uni
variate random-intercept cross-lagged panel model 
(Hamaker et al., 2015; see also Robitzsch & L€udtke, 2025).

5. Simulation Study 1: Confirmatory Factor Analysis

The data-generating model of Simulation Study 1 was a 
two-dimensional CFA model with model parameters varying 
across primary studies. Two-dimensional CFA models have 
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been frequently applied in prior evaluations of MASEM 
(Cheung & Chan, 2005; Furlow & Beretvas, 2005; Jak & 
Cheung, 2020; Ke et al., 2019). However, the current study 
is the first to include (continuous and dichotomous) study- 
level moderators.

5.1. Method

5.1.1. Data Generation
The data-generating model was based on a CFA model with 
two correlated latent factors and three indicators per factor 
(Figure 1). This model can be written as

y ¼ Kgþ e ¼
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k3 0
0 k4

0 k5

0 k6
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, (10) 

where K is the matrix of factor loadings and the vector e 

contains multivariate normally distributed residuals with 
covariance matrix X and zero mean vector. The model- 
implied covariance matrix of observed variables is repre
sented as

RðhÞ ¼ KWKT þX: (11) 

Because correlation matrices are used as input data in 
MASEM, all observed and latent variables have a standar
dized metric here. This implies that this CFA model has 
seven free model parameters (e.g., Cudeck, 1989; Jak & 
Cheung, 2020), namely, six (standardized) factor loadings 
and the interfactor correlation. Latent factor variances are 
fixed to 1 and item residuals are a function of the item-spe
cific standardized factor loadings.

However, as our data-generating model also imposed 
parameter heterogeneity across primary studies, study-spe
cific parameters were sampled from a joint multivariate 
population distribution with a population mean vector h0 
and covariance matrix Th: As mentioned before, to avoid 
negative factor loadings and interfactor correlations outside 

the admissible range, we used logit transformations for load
ings and Fisher z-transformations for the interfactor correl
ation coefficients. The logit-transformed standardized 
loadings were set to 0.9, 0.6, 0.3, 0.9, 0.6, and 0.3. These val
ues are similar to the values used in the simulation study by 
Ke et al. (2019), and imply that observed variables were reli
able indicators of their respective underlying latent factors 
with factor loadings (in the back-transformed metric) rang
ing from .57 to .71. The Fisher z-transformed interfactor 
correlation was set to 0.3 which corresponds to a positive 
medium interrelation of around .3 in the back-transformed 
metric.

The between-study heterogeneity in SEM parameters was 
determined by specifying the standard deviations of the ran
dom effects, which are given by the square root of the diag
onal elements in Th: The standard deviations were set to 
0.4, 0.6, 0.8, 0.4, 0.6, and 0.8, for the (logit-transformed) 
loadings, and 0.083 for the residual standard deviation of 
the (Fisher z-transformed) correlation. These values corres
pond to small to medium heterogeneity in the back-trans
formed metric (e.g., Arend & Sch€afer, 2019), ranging from 
around 0.1 to 0.2 for factor loadings, and was around 0.08 
for the interfactor correlation. Figures of the random effect 
distributions in the raw parameter metrics can be found in 
the Supplemental Material.

We simulated a continuous and dichotomous moderator 
variable. The two moderators were assumed to be uncorre
lated but related to the (Fisher z-transformed) interfactor 
correlation w: The regression coefficients were set to 0.05 
for the continuous and −0.05 for the dichotomous moder
ator. These values represent a strong effect size for the con
tinuous predictor explaining 25% of the between-study 
variance of the interfactor correlation and a small to 
medium effect size for the dichotomous predictor explaining 
6.25% of the between-study variance (e.g., Hox et al., 
2017)1. We ran 1000 replications for each simulation 
condition.

5.2. Design Factors
Three design factors varied across simulation conditions: (1) 
the number of studies S involved in the meta-analysis, (2) 
the sample size N of the primary studies involved in a 
meta-analysis, and (3) the covariance structure of the 
random effects. The number of studies (S) involved in a 
meta-analysis was set to 20, 50, 100, and 500. While a meta-
analysis containing 20 primary studies represents a scenario 
for a relatively small research field (e.g., Wang et al., 2022), 
a typical number of studies for MASEM applications is 
between 50 and 100 (e.g., Deneault et al., 2023; Rnic et al., 
2023; Scherer et al., 2019). A sample size of 500 will prob-
ably be attained by only a few empirical applications (but 
see, e.g., Agostini & van Zomeren, 2021; M€oller et al., 2020).

Figure 1. Path diagram of the confirmatory factor analysis model for simulation 
study 1.

1The standardized regression coefficient cCM of the continuous predictor was 
0.5. For the dichotomous predictor, which was 0/1 coded with both 
categories equally likely, the standardized regression coefficient was cDM ¼

0.25. The residual SD of the interfactor correlation sw was calculated 

as 0:1 �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1 − ðc2
CM þ c2

DMÞ

q

¼ 0:083:
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The sample sizes (N) of the primary studies involved in a 
simulated meta-analysis were set to 100, 300, and 1000. The 
sample sizes were not varied within a given meta-analysis. 
Although this is an unrealistic scenario—typically, in any 
meta-analysis, there are some primary studies with larger 
samples and some with smaller samples—these conditions 
allow us to approximate the effect of having mainly primary 
studies included that have a small versus medium or large 
sample.

The correlations of the random effects given by the 
covariance matrix Th were fixed to 0 and 0.5 (i.e., all off- 
diagonals of Th were either set to 0 or values that implied a 
correlation of 0.5). As many existing meta-analyses have 
shown that study characteristics can be substantially associ
ated with the findings of primary studies, it is also likely 
that different parameter estimates are correlated across pri
mary studies. By systematically varying the correlation 
among random effects, it is possible to examine the effect of 
model assumptions, expecting parameter estimates to be 
uncorrelated across studies, even though the data-generating 
model actually contains correlations of random effects that 
deviate from zero and vice versa.

5.3. Model Specifications and Estimation
The four meta-analytic models were implemented using the 
Bayesian modeling software Stan (Carpenter et al., 2017; 
Stan Development Team, 2024) via R (Version 4.4.2; R Core 
Team, 2024). The model code and additional files can be 
found on our OSF repository (https://osf.io/tvryz). Posterior 
means were used as Bayesian point estimates.

To implement the one-stage approach with correlated ran-
dom effects (OS-CRE), Equation 11 is vectorized using the 
vech() operator, which stacks the lower triangular of matrix 
RðhÞ in a column vector (e.g., Ke et al., 2019). In this vector-
ized form, it is inserted in Equation 8. The prior distributions 
for the population mean parameters (h0) of the loadings and 
factor correlation, as well as the regression coefficients of the 
moderators, were set to uninformative normal distribution 
priors with a mean of zero and standard deviation (SD) of 
100. Weakly informative half-Cauchy priors with a location 
parameter of 0 and a scale parameter of 2.5 were used for the 
standard deviations of the random effects, and Lewandowski-
Kurowicka-Joe (LKJ) priors (Lewandowski et al., 2009) with a 
shape parameter of 2.0 were used for the correlation matrix of 
the random effects.

MCMC via Stan’s NUTS sampler was used for model 
estimation (Stan Development Team, 2024). A small prelim-
inary simulation study on model convergence revealed that 
most of the runs reached a potential scale reduction (PSR; 
e.g., Gelman et al., 2013) measure below 1.05 and an effect-
ive sample size of around 1000 with two parallel chains 
within 2500 iterations, including 500 warm-up iterations, 
which implied that chains reached convergence (Zitzmann 
& Hecht, 2019). Therefore, we relied on this setting for the 
complete simulation study and evaluated all runs.

The OS-UCRE differs from the OS-CRE only in that the 
random effects are assumed to be uncorrelated. Consequently, 
the model specification is almost identical to OS-CRE, with

the key simplification that the off-diagonals of the matrix Th 

in Equation (8) are fixed to zero.
To implement the OS-FE, the vectorized form of 

Equation (11) was inserted in Equation (4). As this model 
assumes parameter homogeneity, only population means for 
item loadings, interfactor correlation, and moderation effects 
were estimated. Accordingly, prior distributions were only 
specified for the loadings, the factor correlation, and the 
regression coefficients of the moderators. The same settings 
were used as for OS-UCRE and OS-UCRE. Furthermore, we 
used resampling-based SEs for inference on moderation 
effects in the OS-FE. Since resampling can be computation
ally demanding and time-consuming under MCMC estima
tion, we implemented a jackknife procedure based on 
Bayesian penalized maximum likelihood estimation using 
Stan’s optimization function with default settings to derive 
the resampling-based SEs (Stan Development Team, 2024). 
For simulation conditions with 100 or 500 studies, we add
itionally applied the delete-d jackknife procedure (Shao, 
1989; Zitzmann et al., 2023) to reduce the number of 
required replications.

For the TS approach (Equation (9)), we used OpenMx 
(Boker et al., 2011) to fit the CFA model to each primary- 
study-specific correlation matrix (i.e., the first-stage ana
lysis). The parameter estimate for the interfactor correlation 
and its corresponding SE were extracted from each of these 
separately conducted primary-study-specific analyses and 
kept for the second stage analyses. For the second stage, we 
implemented a (univariate) random-effects meta-regression 
model in Stan (see Equation (9), Stage 2). The primary- 
study-specific correlation estimates served as outcomes 
and were regressed on the moderators. Again, MCMC esti
mation was used with 2500 iterations per chain and 500 
warm-up iterations. The same specifications for the prior 
distributions were applied.

5.4. Evaluation Measures
We evaluated the estimated moderation effects from the 
four MASEM approaches by examining bias, efficiency, 
coverage rates, and statistical power. Additionally, bias and 
efficiency measures for all other model parameters can be 
found on OSF. To evaluate bias, we used a robust bias 
measure that was computed by subtracting the true simu-
lated population moderation effect from the median esti-
mated moderation effect across all replications for a given 
model and within a given simulation condition. To facilitate 
interpretation, we standardized this deviation by dividing it 
by the true population effect and multiplying it by 100, 
yielding a relative bias measure. We considered absolute val-
ues equal to or greater than 10% as substantial, and values 
below 10% as negligible bias (Hoogland & Boomsma, 1998; 
Muth�en & Muth�en, 2002).

Efficiency was assessed by taking the absolute value of 
the deviations between the estimated moderation effect and 
the true simulated effect, and taking the median value of 
these deviations for a given condition and model. This rep-
resents a robust indicator of variability and is less influenced 
by extreme outliers than the root mean square error
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(RMSE). We used this robust RMSE in the present study. 
To facilitate comparisons of the efficiency of the four 
MASEM approaches, we computed a relative robust RMSE 
by expressing each method’s efficiency as a percentage of a 
reference method. In our case, we chose OS-CRE as the ref
erence method. Relative RMSE values greater than 100% 
indicate lower efficiency compared to OS-CRE, while values 
below 100% reflect higher efficiency for the respective alter
native method under the given simulation condition.

Coverage was evaluated using 95% symmetric credible 
intervals (CIs) calculated as c61:96 � SDc; where c denotes 
the estimated posterior mean of the moderation effect and 
SDc represents its posterior SD (analogous to the standard 
error in the frequentist framework, e.g., Gelman et al., 
2013). For each condition and model, we calculated the rela
tive frequency that the true parameter fell within the CI. A 
coverage rate between 91% and 98% is generally considered 
acceptable (Muth�en & Muth�en, 2002). As a further robust
ness check, we also tested Bayesian quantile-based CIs and 
report the results in Appendix A.

Statistical power was determined by calculating the pro
portion of replications in which the 95% CI did not include 
zero across the 1000 replications. A power of at least 80% is 
typically regarded as adequate in psychological research and 
social sciences.

5.5. Results
Table 1 shows relative bias, RMSE, and coverage for the 
moderation effect of the continuous moderator. Overall, 
bias decreased as both the number of studies and the 
within-study sample size increased. Across all conditions

and estimators, bias remained below 10%. For OS-CRE and 
OS-UCRE, bias was even consistently below 5%. For OS-FE 
and TS, a few cells showed mild bias between 5% and 10% 
when within-study sample sizes were small (N¼ 20) or 
moderate (N¼ 50).

Efficiency was evaluated using a relative RMSE, which 
was computed as a ratio of an alternative method’s RMSE 
and the RMSE of OS-CRE. The RMSE for OS-CRE was 
therefore fixed at 100 across conditions. For the alternative 
methods (i.e., OS-UCRE, TS, and OS-FE), values below 100 
indicate greater efficiency than OS-CRE; values above 100 
indicate lower efficiency. Under uncorrelated random 
effects, OS-UCRE exhibited an almost consistent efficiency 
advantage over OS-CRE. TS and OS-FE also tended to be 
less efficient than OS- UCRE in this setting. When random 
effects were correlated, a reverse pattern was observed. 
Here, OS-CRE was generally the most efficient method, and 
the other estimators mostly exhibited values above 100, with 
only a few exceptions at smaller sample sizes and a small 
number of studies. Furthermore, coverage was within the 
desired range for the four methods across all conditions.

Table 2 presents relative bias, relative RMSE, and cover
age for the dichotomous moderator. In contrast to the con
tinuous moderator results, bias exceeded 10% in two 
conditions for OS-UCRE and one condition for OS-FE. 
However, these substantial biases only occurred when the 
number of studies was small (S¼ 20). For medium and large 
numbers of studies, bias was consistently negligible across 
models.

Regarding RMSE, we observed the same general patterns 
as for the continuous moderator: OS-UCRE outperformed 
OS-CRE under the uncorrelated random effects condition, 

Table 1. Simulation study 1: relative bias, relative RMSE, and coverage rates for the moderation effects of the continuous moderator.

Relative Bias Relative RMSE Coverage

Corr N S OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS

0 100 20 –1.7 –0.5 –5.4 –9.1 100 99.7 98.9 100.4 96.0 95.9 94.2 96.9
50 0.0 1.3 –1.4 –3.2 100 99.0 109.8 103.9 94.8 95.5 96.2 95.5

100 1.5 1.1 3.0 –4.0 100 100.0 106.0 105.8 94.4 95.8 95.0 94.5
500 –0.1 0.3 –0.7 –4.6 100 93.6 102.8 107.7 94.4 95.0 95.8 94.3

300 20 1.9 2.5 2.4 1.4 100 88.7 98.3 92.3 96.0 95.8 94.3 95.9
50 –2.8 –3.5 –5.7 –4.5 100 99.5 101.7 100.4 93.9 95.8 94.5 95.1

100 –1.3 0.2 –0.4 –1.1 100 99.5 101.3 100.3 94.7 95.2 95.6 95.5
500 –0.1 0.0 –0.2 –1.4 100 94.9 103.6 99.5 93.9 94.2 93.3 94.3

1000 20 –0.9 0.1 –5.0 –1.5 100 97.8 99.8 97.7 93.2 95.2 93.3 95.2
50 4.0 3.1 1.3 2.8 100 93.6 98.8 95.6 92.9 94.1 92.5 93.9

100 0.6 0.2 0.8 0.1 100 96.0 102.1 101.2 94.1 94.2 92.9 94.1
500 0.9 0.6 –0.1 0.8 100 100.1 108.6 99.0 94.8 95.9 94.8 95.7

0.5 100 20 3.9 5.0 3.9 –1.3 100 102.0 104.4 114.5 97.0 97.2 93.4 96.6
50 3.2 3.3 2.0 0.3 100 98.7 106.6 112.4 95.6 96.4 94.3 94.3

100 1.1 –1.3 0.3 –3.2 100 102.1 104.7 120.0 94.3 94.1 94.2 93.5
500 –0.7 –1.0 –1.5 –3.6 100 97.9 108.0 149.6 96.6 95.6 95.6 92.8

300 20 –2.2 –1.2 –3.7 –2.6 100 109.6 104.9 111.0 94.5 94.2 92.9 93.3
50 1.7 1.1 –0.6 0.9 100 114.0 102.7 113.8 95.6 94.7 93.8 95.2

100 0.4 –1.0 –0.3 –1.3 100 114.3 105.9 111.9 95.3 95.0 94.1 94.3
500 0.3 –0.3 –0.1 –0.4 100 109.4 107.3 113.8 96.7 95.5 95.8 96.0

1000 20 2.6 2.8 –1.1 3.6 100 108.1 104.0 108.0 95.1 95.6 94.7 96.1
50 1.3 0.4 0.5 0.6 100 118.1 109.4 120.2 94.0 92.3 92.6 93.2

100 –0.5 0.7 –0.6 1.0 100 113.6 117.5 114.5 94.1 95.0 93.7 95.6
500 –0.1 –0.4 –0.7 0.0 100 120.0 114.1 117.3 93.8 94.6 95.9 94.8

Note. Corr¼ correlation of the RE; N ¼ sample size within each primary study; S ¼ number of primary studies included in the meta-analysis. OS-CRE¼ one-stage 
parameter-based MASEM assuming correlated random effects; OS-UCRE one-stage parameter-based MASEM assuming uncorrelated random effects; OS-FE¼ one- 
stage fixed effects MASEM with resampling-based standard errors; TS¼ two-stage parameter-based MASEM.
Relative bias above the threshold of 10% and the lowest relative RMSE for each condition representing best efficiency are printed in bold.
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whereas OS-CRE outperformed OS-UCRE under the corre
lated random effects condition. Compared to the one-stage 
random effects approaches, TS and OS-FE showed similar 
patterns as for the continuous moderator—disadvantages 
under uncorrelated random effects compared to OS-UCRE; 
disadvantages under correlated random effects compared to 
OS-CRE. Coverage was again consistently within the 
expected range for all estimators and conditions.

Figure 2 depicts the statistical power to detect the two 
moderation effects. While a strong effect was simulated for 
the continuous moderator, a small to medium effect was 
simulated for the dichotomous moderator. Power increased 
with both the within-study sample size and the number of 
studies. Using 80% as the benchmark, adequate power was 
reached for the continuous moderator when at least 50 stud
ies were included in meta-analyses and sample size was 
medium or high. However, under small sample sizes, 80% 
was only reached in the conditions with at least 100 primary 
studies per meta-analysis. For the dichotomous moderator, 
the threshold of 80% was only exceeded when at least 100 
studies were included and sample size was high. Under 
small or medium sample sizes, this threshold was only 
reached under S¼ 500. Across conditions, TS showed 
slightly lower power than the OS methods, particularly 
when the within-study sample size was small (N¼ 100).

5.6. Summary
The results of this simulation study imply that the 
different parameter-based MASEM approaches can provide 
approximately unbiased estimates of study-level moderation

effects. A considerable bias only occurred for the dichotom
ous moderator under a small number of primary studies. In 
these cases, the absolute value of the moderation effect 
tended to be moderately to substantially underestimated. 
Comparing the four methods in terms of bias across condi
tions and types of moderators, no systematic advantages 
occurred in favor of one approach.

Coverage rates were within the desired range for all mod
els across conditions. This conclusion also held when using 
Bayesian quantile-based credible intervals instead of sym
metric intervals calculated using the posterior SD 
(Appendix A).

The power to detect the strong moderation effect of the 
continuous moderator exceeded the 80% threshold only 
when at least 50 primary studies were included in meta- 
analyses. When the sample size within studies was small, 
80% was only reached under 100 and 500 primary studies 
per meta-analysis. For the small to medium effect of the 
dichotomous moderator, results showed that adequate 
power was reached under 100 primary studies and large 
sample size. However, when the sample sizes within studies 
were small or medium, 80% were only reached under 500 
primary studies. Comparing the different models, slight dis
advantages occurred for TS, which were most prominent in 
the small sample size conditions.

Furthermore, the results showed that efficiency gains of 
the one-stage approach depend on the correct specification 
of the random effects structure. Specifically, the one-stage 
approach with uncorrelated random effects (OS-UCRE) 
tended to be more efficient when the correlations of the 
random effects were indeed simulated to be zero. By 

Table 2. Simulation study 1: relative bias, relative RMSE, and coverage rates for the moderation effects of the dichotomous moderator.

Relative Bias Relative RMSE Coverage

Corr N S OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS

0 100 20 –8.9 –12.5 1.5 –5.2 100 96.4 107.3 107.5 97.0 97.3 96.1 96.3
50 –2.3 –3.6 –0.2 1.3 100 99.0 104.2 103.3 94.0 95.1 94.8 95.3

100 3.0 3.5 2.3 2.8 100 96.7 101.8 106.5 95.3 94.8 94.7 95.3
500 1.5 1.1 2.2 6.8 100 97.7 107.4 112.0 93.8 94.4 94.1 95.0

300 20 –8.7 –11.7 –12.1 –8.6 100 94.1 104.4 100.8 94.4 95.0 94.1 94.1
50 –2.8 –7.5 –6.3 –6.1 100 93.6 104.2 95.7 92.2 94.2 94.7 94.2

100 1.8 3.2 2.3 4.0 100 95.8 98.7 94.5 93.6 95.0 91.3 94.7
500 –0.5 –0.7 –1.4 0.6 100 103.8 110.6 100.9 95.5 96.6 95.2 95.4

1000 20 –3.0 –2.6 2.7 0.1 100 94.2 99.5 94.4 91.7 95.2 92.6 94.9
50 4.9 5.0 6.2 5.9 100 98.5 100.8 98.1 94.2 94.6 95.2 94.7

100 –2.4 –0.9 0.4 –0.2 100 92.7 92.1 91.5 92.4 94.0 94.0 94.8
500 0.9 1.0 1.0 0.9 100 98.3 102.1 97.3 95.5 94.8 95.6 95.4

96.6 96.9 95.7 96.7
0.5 100 20 5.6 8.7 5.6 8.2 100 99.4 106.3 108.5 96.6 97.0 96.0 97.6

50 –5.6 –4.2 –3.2 –1.6 100 105.7 102.5 119.9 95.7 95.5 96.6 96.4
100 1.1 2.7 2.7 0.2 100 97.4 105.4 117.9 94.6 95.8 95.2 96.4
500 –0.7 0.3 –1.3 3.0 100 106.4 106.5 158.3 96.2 96.5 94.7 95.8

300 20 –5.8 0.0 –1.1 –0.5 100 105.6 106.5 109.0 95.1 95.6 95.6 95.3
50 –2.5 –3.4 –1.0 –8.5 100 106.5 100.8 107.4 94.7 94.2 93.5 95.2

100 2.8 2.2 3.2 2.8 100 107.8 106.7 111.0 95.3 95.8 95.1 95.4
500 0.3 1.1 0.7 –0.1 100 104.8 108.2 116.1 94.4 94.7 94.0 94.6

1000 20 2.7 0.8 1.7 –0.7 100 107.9 94.4 105.1 94.6 95.4 96.0 95.8
50 1.6 2.7 1.6 2.9 100 113.5 108.5 108.8 96.0 94.3 93.7 94.5

100 –1.4 0.7 1.0 0.6 100 119.9 104.8 121.6 96.6 95.9 95.5 96.0
500 –0.1 –0.6 0.1 –0.7 100 114.3 108.4 117.2 97.0 97.3 96.1 96.3

Note. Corr¼ correlation of the RE; N ¼ sample size within each primary study; S ¼ number of primary studies included in the meta-analysis. OS-CRE¼ one-stage 
parameter-based MASEM assuming correlated random effects; OS-UCRE one-stage parameter-based MASEM assuming uncorrelated random effects; OS-FE¼ one- 
stage fixed effects MASEM with resampling-based standard errors; TS¼ two-stage parameter-based MASEM.
Relative bias above the threshold of 10% and the lowest relative RMSE for each condition representing best efficiency are printed in bold.
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contrast, OS-CRE was more efficient when the random 
effects were correlated. The same patterns—however less 
consistent—were apparent when comparing OS-FE and TS 
against OS-CRE and OS-UCRE, respectively. These results 
highlight a typical tradeoff: parsimony in the specification of 

the random effects structure pays when it matches the data- 
generating structure.

However, the random-effects correlations in the main simu
lation were relatively unrealistic, as all off-diagonal elements 
were fixed to either 0 or .50. We therefore conducted an 

Figure 2. Power to detect the effect of the continuous (A) and the dichotomous moderator (B).

563



additional simulation varying the random-effects correlation 
structure in two more realistic ways (see Appendix B for further 
details): (1) heterogeneous correlations, with off-diagonal ele
ments sampled from a uniform distribution (either [−.20,.20] 
or [.30,.70]); and (2) sparse correlations, where only 6 of the 21 
off-diagonal elements were set to .50 (all others to 0). Results 
were consistent with the main findings: OS-UCRE was more 
efficient when random-effects correlations were close to zero, 
whereas OS-CRE was more efficient when correlations were 
substantial. Under the sparse-correlation condition, OS-UCRE 
still tended to be more efficient, suggesting that assuming 
uncorrelated random effects can be adequate under mild to 
moderate violations of this assumption.

Moreover, the main simulation assumed homogeneous 
primary-study sample sizes within each meta-analysis. To 
assess robustness under more realistic conditions, we con
ducted an additional simulation with heterogeneous sample 
sizes drawn from a truncated log-normal distribution (see 
Appendix C). Conclusions regarding bias, coverage, and 
relative efficiency remained unchanged under this condition.

In addition, we examined the impact of correlated mod
erators. Whereas the main simulation assumed independent 
moderators, we repeated the simulation with correlated 
moderators by setting the point-biserial correlation to .30 
and .70 while holding the raw moderation effects constant 
(but the R2 changed accordingly). Results remained largely 
unchanged with respect to bias, efficiency, and coverage 
(Appendix D)—the power increased.

6. Simulation Study 2: Random-Intercept First-Order 
Autoregressive Model

To further demonstrate the flexibility of moderated param
eter-based MASEMs, we focused on a longitudinal model in 
the second simulation study. One particular challenge of the 
meta-analysis of longitudinal studies is that the design (e.g., 
number and spacing of measurement waves) affects the 
interpretation of the study-specific parameters (e.g., stability 
of variables). Previous work has highlighted the great poten
tial of a parameter-based continuous-time approach for 
meta-analytically integrating results from different longitu
dinal studies (Dormann et al., 2020; Kuiper & Ryan, 2018). 
In the following, we generated data and implemented 
MASEMs for an RI-AR(1) model (e.g., Skrondal & Rabe- 
Hesketh, 2008, see also Hamaker et al., 2015). The RI-AR(1) 
model allows researchers to examine the stability of con
structs under a random-intercept variance decomposition.

Many longitudinal meta-analyses aim at quantifying the 
stability of constructs over time (e.g., Bleidorn et al., 2022; 
B€uhler & Orth, 2022; d’Huart et al., 2023; Scherrer et al., 
2025). Consequently, methodological choices about how sta
bility is defined and estimated are directly relevant for the 
substantive conclusions drawn from such meta-analyses. 
In recent years, longitudinal modeling has increasingly 
emphasized the distinction between stable, trait-like 
between-person differences and within-person fluctuations. 
Random-intercept approaches such as the RI-CLPM expli
citly implement this variance decomposition and thereby 

allow to study within-person stability and dynamics 
(Hamaker et al., 2015; see also Usami et al., 2019). This 
development has motivated a series of re-analyses and com
parative investigations showing that conclusions based on 
traditional panel models may differ once stable between-per
son variance is controlled (e.g., H€ubner et al., 2023; L€udtke 
& Robitzsch, 2022; Orth et al., 2021). From a meta-analytic 
perspective, these developments imply a growing need for 
models that can synthesize evidence across heterogeneous 
longitudinal designs while targeting stability with a clear 
within-person interpretation.

6.1. Method

6.2. Data Generation
The underlying data-generating model was an univariate RI-
AR(1) model (see Figure 3). For a longitudinal design with 
three waves, the measurement part for this model is given as

y ¼ Kg ¼
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1 0 1 0
1 0 0 1

2

6
4

3

7
5

g1

g2

g3

g4

2

6
6
6
6
4

3

7
7
7
7
5

, (12) 

where the matrix K relates the latent stable trait g1 and the 
latent states (g2, g3, and g4) for each wave to the observed 
measures. This equation reflects that each measurement 
occasion is decomposed into a stable between-person part 
and a time-varying within-person part. Note that the errors 
(e) are set to zero in the measurement part.

The corresponding structural part is defined as

g ¼ Βgþ f ¼
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where the matrix Β contains the (first-order) autoregressive 
effects b that relate the within-person states over time. As 
we again assume standardized mean-centered variables, this 

Figure 3. Path diagram of a three-wave random-intercept autoregressive 
model for simulation study 2.
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model has two free model parameters: (1) the trait variance 
Var f1ð Þ ¼ w representing stable between-person differences 
across time and (2) the (first-order) autoregressive effect b 

describing within-person carry-over effects from one meas
urement occasion to the next (e.g., Usami et al., 2019). Note 
that the within-person state variance is a function of the 
between-person variance, that is Var f2ð Þ ¼ 1 − w; and the 
within-level residual variances are a function of the autore
gressive effect, that is Var f3ð Þ ¼ ð1 − b2) (1 − wÞ; and 
Var f4ð Þ ¼ ð1 − b2) ð1 − wÞ:

In line with Simulation Study 1, these two model param
eters were simulated to have population means and popula
tion (co-)variances representing parameter heterogeneity 
across primary studies. The trait variance has an admissible 
range of [0, 1], where a value of zero indicates that there 
are no stable between-person differences and a value of one 
implies that all variance in y is due to stable between-person 
differences. To limit the trait variance to this admissible 
range, we used a logit transformation.

We used an exponential transformation for modeling the 
autoregressive parameter. In meta-analyses of longitudinal 
studies, different primary studies typically have different 
time lags (i.e., distances between measurement occasions)—a 
specific challenge for longitudinal meta-analyses (e.g., 
Dormann et al., 2020; Kuiper & Ryan, 2020). In these con
texts, the autoregressive effect b can be assumed to be a 
function of the time lag and an estimated underlying con
stant parameter b� (Voelkle et al., 2012). This exponential 
function typically describes decreasing autoregressive effects 
with growing time lags (i.e., two measurement occasions 

tend to be less correlated when the time interval in between 
is larger). As is known from continuous-time modeling, for 
many dynamic processes, time-varying autoregressive effects 
can be assumed to follow the exponential function b ¼ eb�Dt 

(e.g., Ryan et al., 2018; Voelkle et al., 2012), where Dt repre
sents the distance between two subsequent measurement 
occasions. A negative value for b� implies that the associ
ation between two measurement occasions is positive and 
tends to be smaller when time lags increase and asymptotic
ally approaches zero. Smaller estimates of the underlying 
constant b� indicate that autoregressive effects tend to 
decrease faster with growing time lags (Figure 4).

The population mean of the logit-transformed stable trait 
variance was set to 0, which corresponds to a trait variance 
of 0.5. Thus, on average, half of the variance was assumed 
to be due to stable between-person differences and the other 
half of the variance were intraindividual fluctuations. 
The autoregressive effect (b) was set to be 0.5 for a time lag 
Dt of one. This corresponds to a continuous-time constant 
b� ¼ −0.7.

The population SD quantifying the between-study differ
ences in the two structural parameters across primary stud
ies was set to 0.364 for logit-transformed stable trait 
variances, and 0.091 for the autoregressive effect. These val
ues approximately correspond to SD in the raw metric of 
0.09 and 0.05, respectively, representing small between-study 
heterogeneity.

In addition, we simulated a continuous moderator that 
was related to both structural parameters. The two moder
ation effects were set to 0.12 and 0.03—both representing a 

Figure 4. Autoregressive effects as a function of the time lags and the estimated constant b�:

565



medium standardized regression coefficient explaining 
around 10% of the heterogeneity in trait variance and autor
egressive effect, respectively (Arend & Sch€afer, 2019).

6.3. Design Factors
In line with Simulation Study 1, three main design factors 
varied across simulation conditions: (1) the number of stud-
ies involved in the meta-analysis set to 20, 60, 100, and 500, 
(2) the sample size N of the primary studies involved in the 
meta-analysis set to 300 and 1000, (3) and the correlation of 
the random effects was set to 0 and 0.5.

In addition, we also varied the number of measurement 
occasions and the length of the time lags between measure-
ment occasions. However, both factors were varied within 
replications, so that each replication (i.e., meta-analysis) 
contained primary studies with all combinations of the 
number of measurement occasions and time lags. The num-
ber of measurement occasions was set to 3, 4, 5, and 6, and 
time lags to 0.5, 0.75, 1, 2, and 3, leading to 20 possible 
combinations. Systematically crossed, each combination 
occurred with equal frequency within each meta-analysis. 
Thus, for example, in the condition with 20 primary studies 
per meta-analysis (the lowest number of studies condition), 
each combination occurred once; in the condition with 60 
primary studies, each meta-analysis contained three primary 
studies per combination.

6.4. Model Specifications and Estimation
The same four moderated parameter-based MASEM 
approaches as tested in Simulation Study 1 were examined: 
(1) OS-CRE, (2) OS-UCRE, (3) OS-FE, and (4) TS. We used 
the same implementations as in Study 1; the full model 
implementations can be found on OSF (https://osf.io/tvryz). 
Again, we first explored convergence properties in a few 
preliminary test runs. These tests revealed that PSR < 1.05 
and an effective sample size above 1000 were reached for 
almost all runs after 2500 iterations with two chains,

including 500 warm-up iterations (Gelman et al., 2013; 
Zitzmann & Hecht, 2019). We used this setting for the 1000 
replications per model and condition throughout the simu
lation study and analyzed the results of all runs in the evalu
ations afterwards. The same evaluation measures were used, 
as in Simulation Study 1, namely, relative bias, relative 
RMSE, coverage rates, and power.

6.5. Results
The results for the moderation of the trait variance are sum-
marized in Table 3. Parameter bias generally decreased as 
both the within-study sample size and the number of studies 
increased. With one exception, bias was below the threshold 
of 10%. Specifically, in the condition with correlated ran-
dom effects, N ¼ 1000, and 100 studies, OS-FE exhibited a 
negative bias of −11.2%.

In terms of efficiency, TS, OS-FE, and OS-UCRE almost 
consistently yielded values below 100 under the condition 
that the random effects are uncorrelated. This indicates that 
these three methods were more efficient than the reference 
method OS-CRE. Under correlated random effects, OS-CRE 
showed minor efficiency advantages over OS-UCRE, but 
disadvantages compared to TS and OS-FE.

Coverage was largely within the expected range across 
estimators and conditions. A notable exception was that TS 
occasionally slightly exceeded the lower bound of acceptable 
coverage when the number of studies was high or very high 
and random effects were correlated.

Table 4 shows bias, RMSE, and coverage for the moder-
ation effect of the autoregressive effect. No bias above the 
threshold of 10% was evident when the data-generating 
model included uncorrelated random effects. However, 
when comparing the different estimators, TS exhibited 
larger bias compared to the one-stage approaches.

Several substantial biases emerged for the moderation of 
the autoregressive effect across estimators under correlated 
random effects. Primarily, bias occurred when the number

Table 3. Simulation study 2: relative bias, relative RMSE, and coverage rates for the moderation of the trait variance.

Relative Bias Relative RMSE Coverage

Corr N S OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS

0 300 20 4.0 3.4 4.4 1.4 100 99.7 100.2 98.7 96.4 94.9 87.6 95.3
50 4.1 3.4 –1.5 0.4 100 99.7 97.3 98.2 95.5 94.8 92.8 96.0

100 –0.6 0.0 –3.3 –2.0 100 100.3 98.6 99.3 94.5 93.7 93.2 94.2
500 1.1 0.9 –2.4 –0.6 100 99.9 98.2 99.1 95.5 95.0 93.8 94.7

1000 20 4.8 4.8 –0.3 2.4 100 100.0 97.6 98.9 94.2 94.1 89.0 94.3
50 2.2 2.1 3.7 0.9 100 99.9 100.7 99.3 93.5 93.0 91.6 94.4

100 1.0 1.0 –1.8 0.3 100 100.0 98.6 99.6 95.4 95.2 92.9 94.7
500 0.2 –0.3 –4.2 –1.2 100 99.8 97.8 99.3 94.3 94.1 92.6 91.3

0.5 300 20 –0.6 –1.8 –3.3 –9.7 100 99.4 98.7 95.5 94.3 94.4 94.4 94.3
50 6.1 6.4 –0.4 0.1 100 100.2 96.8 97.1 96.1 95.9 96.6 94.4

100 0.6 0.1 –2.9 –4.2 100 99.7 98.2 97.6 92.3 94.9 93.5 94.8
500 2.3 2.4 0.2 0.3 100 100.0 98.9 99.0 97.3 97.2 97.1 90.5

1000 20 –2.9 0.5 3.5 –0.2 100 101.7 103.2 101.4 94.2 91.7 94.6 92.9
50 –0.9 –0.3 –2.0 –3.9 100 100.3 99.4 98.5 95.7 96.1 95.5 95.8

100 –0.6 –0.2 –11.2 –4.6 100 100.2 94.7 98.0 96.7 94.7 93.1 90.7
500 0.8 1.3 1.5 1.3 100 100.3 100.3 100.3 96.6 96.7 93.7 89.2

Note. Corr¼ correlation of the RE; N ¼ sample size within each primary study; S ¼ number of primary studies included in the meta-analysis. OS-CRE¼ one-stage 
parameter-based MASEM assuming correlated random effects; OS-UCRE one-stage parameter-based MASEM assuming uncorrelated random effects; OS-FE¼ one- 
stage fixed effects MASEM with resampling-based standard errors; TS¼ two-stage parameter-based MASEM.
Relative bias above the threshold of 10% and the lowest relative RMSE for each condition representing best efficiency are printed in bold.
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of studies was small or medium. For TS, some considerable 
biases persisted even when the number of studies was high, 
whereas the OS estimators were essentially unbiased once 
the number of studies was high or very high.

Furthermore, efficiency patterns for the autoregressive 
effect also differed from those for the trait variance. OS- 
CRE and OS-UCRE consistently outperformed TS and OS- 
FE across conditions. In addition, there were no systematic 
efficiency differences between the condition with correlated 
random effects and the condition with uncorrelated random 
effects. Comparing the two one-stage random-effects 
approaches, OS-UCRE showed a small but consistent effi
ciency advantage over OS-CRE.

Coverage rates were generally acceptable across models 
for the moderation of the autoregressive effect, with a few 
exceptions in which coverage was modestly reduced.

Figure 5 shows the statistical power to detect a medium- 
sized moderation of the trait variance and the autoregressive 
effect, respectively. As could have been expected, power 
increased with both the number of studies and the within- 
study sample size. For the trait variance, roughly 100 studies 
were sufficient to achieve adequate power to detect this 
medium-sized moderation effect. In contrast, detecting the 
moderation of the autoregressive parameter required consid
erably more information. Here, adequate power was only 
attained under N¼ 1000 and 500 studies for OS-UCRE and 
OS-CRE.

6.6. Summary
This simulation study evaluated moderated parameter-based 
MASEM in a longitudinal application with the RI-AR(1) 
model, focusing on the moderation of the trait variance and 
the autoregressive parameter. Overall, the results show that 
moderated MASEM can cover moderation effects with 
acceptable bias and sufficient coverage under many condi-
tions. However, performance depended strongly on which 
parameter was moderated and how many primary studies

were included in a meta-analysis. All estimators partly 
exhibited notable bias for the moderation of the autoregres
sive parameter when the number of studies was small or 
medium and the random effects were correlated. Across 
conditions, TS exhibited a somewhat larger bias compared 
to one-stage approaches, with some substantial biases per
sisting even under many primary studies per meta-analysis.

Efficiency turned out to be higher for TS and OS-FE 
across conditions with respect to the moderation of the trait 
variance. By contrast, for the moderation of the autoregres
sive effect, OS-CRE and OS-UCRE were more efficient. 
Comparing the two random effects one-stage approaches, 
the results were less consistent than in Simulation Study 1. 
For the moderation of the autoregressive effect, OS-UCRE 
even achieved efficiency advantages over OS-CRE under 
correlated random effects.

Finally, power analyses highlighted the data demands of 
detecting moderation in dynamic parameters. While roughly 
100 studies were sufficient to detect a medium-sized moder
ation of the trait variance reliably, satisfactory power for the 
moderation of the autoregressive effect was only achieved in 
the most informative condition we examined (N¼ 1,000 and 
500 studies).

7. Empirical Example

We reanalyzed an existing meta-analysis to illustrate 
the application of the four parameter-based approaches 
evaluated in the simulation studies. Specifically, we used 
data from the meta-analytic factor analysis of the 
Multidimensional Scale of Perceived Social Support (MSPSS; 
Zimet et al., 1988) conducted by Ko�gar and Yılmaz Ko�gar 
(2024). The MSPSS assesses individuals’ perceived social 
support and is designed to measure three dimensions: 
Family (FAM), Friends (FRI), and Significant Others (SO). 
In their meta-analysis of the MSPSS factor structure, Ko�gar 
and Yılmaz Ko�gar (2024) found support for the implied 
three-factor model.

Table 4. Simulation study 2: relative bias, relative RMSE, and coverage rates for the moderation of the autoregressive effect.

Relative Bias Relative RMSE Coverage

Corr N S OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS

0 300 20 0.7 –2.4 –2.6 0.2 100 96.8 121.1 125.9 96.5 96.2 91.7 95.4
50 –0.4 3.2 –1.1 –6.7 100 98.0 118.5 118.9 95.0 94.2 92.8 93.7

100 –4.7 –4.1 –8.7 –15.8 100 99.8 124.5 133.5 95.4 94.7 93.5 94.3
500 –3.3 –1.5 –4.6 –9.4 100 99.7 125.3 136.3 94.6 94.3 93.1 91.9

1000 20 5.3 2.7 –5.5 –0.2 100 102.1 136.3 120.1 95.4 95.5 93.5 94.9
50 –0.1 1.0 –7.3 –7.5 100 98.1 136.8 140.1 94.1 94.1 92.2 94.2

100 –1.9 –1.5 2.1 –9.3 100 100.1 135.4 151.3 95.5 95.0 93.5 93.0
500 1.7 2.5 2.2 –4.9 100 101.8 146.6 146.2 94.4 94.1 92.1 92.5

0.5 300 20 –11.8 –11.1 –11.2 −0.5 100 101.4 113.7 127.4 97.2 96.5 94.4 96.1
50 8.3 7.2 6.2 –7.2 100 102.1 121.1 145.6 94.0 94.6 95.7 93.7

100 0.4 –0.1 –2.4 –5.6 100 100.4 111.3 121.4 94.4 94.7 94.9 94.8
500 –0.6 –0.5 –5.2 –4.6 100 99.1 119.5 155.8 94.1 94.3 93.9 92.7

1000 20 –0.5 –1.0 13.1 –4.0 100 97.4 142.8 127.9 95.2 95.3 95.2 95.5
50 –2.6 –3.7 –0.5 –10.5 100 99.7 133.2 135.3 95.7 95.8 95.2 94.7

100 2.3 1.2 –1.2 –1.6 100 99.3 138.1 141.2 95.0 95.7 94.5 94.1
500 –0.1 –1.1 –3.5 –3.8 100 99.4 128.0 145.5 93.4 94.2 93.9 91.3

Note. Corr¼ correlation of the RE; N ¼ sample size within each primary study; S ¼ number of primary studies included in the meta-analysis. OS-CRE¼ one-stage 
parameter-based MASEM assuming correlated random effects; OS-UCRE one-stage parameter-based MASEM assuming uncorrelated random effects; OS-FE¼ one- 
stage fixed effects MASEM with resampling-based standard errors; TS¼ two-stage parameter-based MASEM.
Relative bias above the threshold of 10% and the lowest relative RMSE for each condition representing best efficiency are printed in bold.
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The dataset comprised 59 correlation matrices from 54 pri
mary studies published between 1988 and 2022. For illustration, 
we fit the three-factor model using the four parameter-based 
MASEM approaches examined in the simulation studies. In 
addition, we considered two study-level moderators—year of 
publication and clinical versus nonclinical sample—and exam
ined whether they moderated the correlations among the three 
factors (see Simulation Study 1). We included year of publica
tion as a continuous moderator and clinical (coded 1) versus 
non-clinical (coded 0) sample as a dichotomous moderator.

Not all primary studies reported complete correlation 
matrices (or they did not report cross-loadings when per
forming exploratory factor analyses), resulting in missing 
cells in several study-specific matrices. Rather than imputing 
zeros for these cells (Ko�gar & Yılmaz Ko�gar, 2024), we used 

a full-information likelihood that conditions on all observed 
correlations (Jak & Cheung, 2020), while retaining Bayesian 
MCMC estimation for all parameters in the one-stage mod
els. For TS, we restricted the analysis to 45 correlation 
matrices without missing correlation coefficients.

The core results are summarized in Table 5. Across all 
approaches, the estimated correlations between three factors 
were positive and high. Across MASEM approaches, the 
correlation between the subscales FRI and FAM was consid
erably lower compared to the other two correlations involv
ing the factor SO. However, the TS approach obtained 
noticeably smaller point estimates for the three-factor corre
lations than the one-stage models.

Across the one-stage MASEMs, none of the moderation 
effects differed statistically significantly from zero. Small 

Figure 5. Statistical power to detect a medium sized moderation effect of the trait variance (A) and the autoregressive effect (B).

Table 5. Parameter estimates of the factor correlations and moderator effects in the empirical example (perceived social support scale).

OS-CRE OS-UCRE OS-FE TS

Parameter B (Braw) CI B (Braw) CI B (Braw) CI B (Braw) CI

Intercept
FAM-FRI 0.60 (0.54) [0.52, 0.68] 0.58 (0.52) [0.50, 0.66] 0.59 (0.53) [0.52, 0.66] 0.56 (0.51) [0.49, 0.63]
FAM-SO 0.75 (0.64) [0.62, 0.89] 0.72 (0.61) [0.58, 0.85] 0.72 (0.62) [0.61, 0.83] 0.60 (0.54) [0.51, 0.70]
FRI-SO 0.73 (0.63) [0.62, 0.85] 0.72 (0.62) [0.61, 0.83] 0.77 (0.65) [0.60, 0.77] 0.62 (0.55) [0.52, 0.73]

Year
FAM-FRI −0.01 [−0.08, 0.07] 0.01 [−0.07, 0.09] −0.05 [−0.14, 0.05] 0.01 [−0.05, 0.07]
FAM-SO 0.05 [−0.07, 0.17] 0.06 [−0.07, 0.19] 0.05 [−0.10, 0.20] 0.10 [0.02, 0.18]
FRI-SO −0.05 [−0.16, 0.05] −0.08 [−0.19, 0.03] −0.16 [−0.41, 0.08] −0.05 [−0.15, 0.04]

Clinical
FAM-FRI −0.03 [−0.17, 0.14] −0.02 [−0.18, 0.15] −0.05 [−0.27, 0.16] −0.07 [−0.23, 0.09]
FAM-SO 0.02 [−0.22, 0.29] 0.06 [−0.23, 0.36] −0.02 [−0.32, 0.29] −0.01 [−0.21, 0.20]
FRI-SO 0.17 [−0.08, 0.41] 0.15 [−0.11, 0.41] 0.04 [−0.36, 0.43] 0.17 [−0.06, 0.42]

Note. Braw ¼ Factor correlation back-transformed from Fisher z metric. CI¼ Credible intervals. OS-CRE¼ one-stage parameter-based MASEM assuming correlated 
random effects; OS-UCRE¼ one-stage parameter-based MASEM assuming uncorrelated random effects; OS-FE¼ one-stage fixed effects MASEM with resampling- 
based standard errors; TS¼ two-stage parameter-based MASEM. FAM ¼ Family; FRI ¼ Friends; SO ¼ significant others.
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differences in point estimates were observed across the one- 
stage models. More pronounced discrepancies emerged for 
TS: The effect of publication year on the FAM-SO factor 
correlation was statistically significant, indicating higher fac
tor correlations in more recently published studies. All other 
TS moderation effects were, however, also nonsignificant.

Overall, this reanalysis shows that the different param
eter-based approaches can yield broadly similar substantive 
conclusions but may also produce meaningful differences. A 
key contributor to the divergence between TS and the one- 
stage approaches is the handling of missing correlations. 
The one-stage models used a full-information likelihood and 
therefore retained studies with partially missing correlation 
matrices, whereas TS required complete matrices and conse
quently analyzed a smaller subset of studies. In meta-analy
ses with more extensive missingness, this distinction may 
have an even larger impact. The smaller differences 
observed among the one-stage approaches likely reflect their 
differing assumptions about the random effects structure 
(i.e., correlated random effects, uncorrelated random effects, 
or fixed effects). Accordingly, applied researchers should 
select the approach that best matches their assumptions 
about the data-generating process and consider sensitivity 
analyses (e.g., fitting a less restrictive model allowing corre
lated random effects) to evaluate the robustness of their 
conclusions.

8. Discussion

In this article, we have elaborated on parameter-based 
MASEM as a suitable framework for examining study-level 
moderators—a primary research objective in many meta- 
analyses (e.g., Agostini & van Zomeren, 2021; M€oller et al., 
2020; Scherer et al., 2019; Vasconcellos et al., 2025). So far, 
the estimation of moderator effects within MASEMs has 
been systematically evaluated only rarely through simulation 
studies. To address this gap, we conducted two simulation 
studies to compare different moderated parameter-based 
MASEMs across various conditions and under two different 
structural models.

Overall, the results of our simulation studies revealed 
that all implemented parameter-based MASEMs provide 
appropriate coverage rates for moderation effects (and all 
other model parameters, see the additional materials on 
OSF) with only a very few exceptions for single models and 
conditions in Simulation Study 2. Furthermore, Simulation 
Study 1 showed that all four approaches yield (approxi
mately) unbiased estimates for moderation effects under 
moderate to large numbers of studies included in meta-anal
yses. Only for the dichotomous moderator, a few consider
able biases occurred when the number of studies was small 
(S¼ 20). In these cases, the absolute value of the moderation 
effect tended to be moderately to substantially underesti
mated. This pattern is in line with small-sample instabilities 
of binary predictors, where imbalanced category frequency 
can limit the available information and thus induce bias.

The findings of Simulation Study 2 largely support our 
findings from the first study in terms of bias. The 

moderation effects of the trait variance parameter did not 
exhibit any substantial bias. However, results showed some 
substantial biases for the moderation effects of the autore
gressive effect under correlated random effects. For TS, con
siderable biases even occurred when the number of studies 
was large. The observed biases in the moderation of the 
autoregressive parameter could be explained in different 
ways.

First, the interpretation of the observed biases must con
sider the parameterization and scaling of the moderation 
effects. Although we simulated medium-sized standardized 
effects for both moderation effects, the raw effects were 
scaled to the heterogeneity (i.e., SD of the random effects) 
of the target parameter (Arend & Sch€afer, 2019). The SD of 
the random effects differed considerably between the two 
structural parameters: the SD of the random effects was 
larger for the (logit-transformed) trait variance than for the 
(exponentially transformed) autoregressive parameter 
(SD¼ 0.4 vs. 0.1). Therefore, the raw moderation effect for 
the autoregressive parameter was numerically much smaller. 
Consequently, a given percentage bias (e.g., 10% relative 
bias) corresponds to a raw bias value that is four times 
smaller for the moderation of the autoregressive parameter 
than for the moderation of the feature variance.

Second, previous simulation studies on longitudinal state- 
traits models have pointed out that estimates of the trait 
variance and the autoregressive effect can be highly depend
ent, particularly in conditions with a substantial autoregres
sive effect (L€udtke et al., 2018; Usami et al., 2019). Thus, 
when biases in the trait variance occur, this also likely 
imposes biases on the autoregressive effect, with particular 
difficulties in reliably estimating the autoregressive effect 
when the trait variance is close to its boundaries (i.e., close 
to zero or one). Similar patterns can be found for the point 
estimates of the autoregressive effect in our simulation 
results (see the additional materials on OSF). The stronger 
biases observed under the correlated random effects condi
tion in our simulation study further underscores this inter
pretation and might have been exacerbated by the fact that 
our data-generating model included just one moderator 
with the same positive effect on both parameters.

Comparing the different estimators in terms of power, 
slight disadvantages occurred for TS, which were most 
prominent in the small sample size conditions. This is con
sistent with the results of other simulation studies compar
ing TS and OS approaches in the context of multilevel 
models (Liu, 2017; Lohmann et al., 2025; L€udtke et al., 
2008). Under several conditions, one-stage methods can per
form better than TS methods because they can use hierarch
ical information more efficiently.

Finally, one-stage approaches to MASEM have attracted 
considerable attention in recent years as they combine the 
possibility of examining categorical and continuous modera
tors of structural parameters with the capability of account
ing for missing correlation coefficients in certain primary 
studies (Ke et al., 2025). Thereby, one-stage approaches 
allow for less restrictive inclusion criteria in meta-analyses. 
In the present study, we focused on parameter-based OS- 
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MASEM as it aligns quantification of heterogeneity and 
moderation at the level of structural parameters, allowing 
researchers to calculate the relative importance of a moder
ator for specific structural parameters via a coefficient of 
determination. This advantage does not extend to fixed 
effects models that assume homogeneity. Since homogeneity 
is often implausible in practice, we have equipped the fixed 
effect approach with a resampling strategy to enable robust 
standard errors and valid statistical conclusions even in the 
presence of heterogeneity. Our simulation results underscore 
the potential of this approach.

9. Limitations and Future Directions

While the current article provides an in-depth evaluation of 
moderated parameter-based MASEM, some limitations should 
be acknowledged. These can also help to identify several possible 
pathways for future methodological development and evalua
tions in the context of (moderated) MASEM.

First, in the simulation studies presented, we limited our
selves to four different versions of parameter-based MASEMs. 
Correlation-based OS-MASEM also allows for analyzing con
tinuous and categorical study-level moderators (Jak & Cheung, 
2020), and researchers might be interested in comparisons 
between these two methods. However, as noted by Jak and 
Cheung (2020), both types of MASEM assume different data- 
generating models, posing challenges for direct comparisons 
between the two approaches. One possibility for future research 
could be to generate data from both models and evaluate the 
robustness of the approaches. Another possibility pertains to 
model development, which could explore whether both models 
can be unified under a general conceptualization of MASEM 
(Cheung, 2015; Ke et al., 2025).

Second, we did not examine the impact of missing cor
relation coefficients in the simulation studies. Such missing 
correlations can arise, for example, when variables relevant 
to the model of interest were not measured in every primary 
study  (see our empirical example). One-stage approaches 
(Ke et al., 2019) allow direct estimation of MASEM under 
the assumption that correlations are missing at random. 
Alternatively, multiple imputation methods can be used to 
impute missing correlation coefficients using an appropriate 
model (e.g., a multivariate normal model), after which the 
TS approach can be applied to the multiply imputed study- 
specific correlation matrices. Initial simulation results 
regarding the effect of missing correlation coefficients in 
(unmoderated) OS-MASEM versus TS are available in the 
literature (Jak & Cheung, 2020). A related issue concerns 
the treatment of missing values in moderator variables (Lee 
& Beretvas, 2023). A promising topic for future research is 
the extension of one-stage approaches to estimate moderator 
effects in MASEMs in the presence of incomplete correl
ation matrices and missing moderator variables (Enders, 
2022; Gelman et al., 2013).

Third, we aimed at exploring and demonstrating the 
flexibility of parameter-based MASEM for meta-analytic 
longitudinal research. In recent years, several debates have 
addressed the robustness of longitudinal evidence under 

different longitudinal models (Hamaker, 2023; L€udtke & 
Robitzsch, 2022; Orth et al., 2021; Usami et al., 2019). Meta- 
analytically reanalyzing longitudinal studies with different 
longitudinal models might be a highly relevant endeavor in 
this context. In Simulation Study 2, we set up such a longi
tudinal meta-analytic model for an univariate RI-AR(1), 
which accounts for differences in the number of waves and 
the length of time lags between primary studies (Kuiper & 
Ryan, 2020). The results of our simulation study have pro
vided initial evidence for the possibility of specifying and 
estimating advanced longitudinal meta-analytic models with 
parameter-based MASEM. However, some results patterns 
indicated that bias can occur, and further evaluations should 
be performed in future research. Furthermore, to fully 
exploit the potential for longitudinal meta-analyses, multi
variate extensions such as a meta-analytic RI-CLPM 
(Dormann et al., 2020; see also Wiese et al., 2025) or the 
STARTS model (Kenny & Zautra, 1995) could be developed 
and evaluated in future research.

Fourth, providing extensive simulation studies, we 
addressed the current lack of systematic evaluations of 
(moderated) parameter-based MASEMs. However, the lack 
of systematic evaluation could be just one of the reasons 
why parameter-based approaches have been little used in 
applied research to date. Another obstacle to a broader 
application of parameter-based approaches might be a more 
complex model implementation. While there is the 
MetaSEM package (Cheung, 2014) for the implementation 
of correlation-based approaches, there is no comparable 
alternative for parameter-based MASEMs.

10. Conclusion

In this article, we discussed and evaluated different moderated 
parameter-based MASEM approaches. The findings of two 
simulation studies highlight that all tested models can yield 
unbiased estimates and appropriate coverage rates under realistic 
conditions. However, results also imply that bias and power 
requirements can vary substantially depending on the sample 
size conditions, the structural model, and the model parameters 
being moderated. One-stage random effects models showed 
comparably strong performance across conditions and model 
parameters. Considering further strengths of one-stage param
eter-based MASEM discussed in the article, it holds considerable 
potential for future multivariate meta-analyses, including longi
tudinal studies. We hope that our article will support practical 
applications of moderated parameter-based MASEM in the 
future.
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Appendix A: 

Coverage Rates Based on Bayesian Quantile-based 95% Credible Intervals

Table A1. Bayesian quantile-based 95% credible intervals.

Continuous Moderator Dichotomous Moderator

Corr N S OS-CRE OS-UCRE OS-FE1 TS OS-CRE OS-UCRE OS-FE1 TS

0 100 20 96.1 96.0 94.2 96.9 97.3 97.1 96.1 96.4
50 94.6 95.6 96.2 95.6 94.0 95.4 94.8 95.6

100 93.4 95.6 95.0 94.2 94.6 95.2 94.7 95.3
500 94.4 95.4 95.8 95.1 93.8 94.3 94.1 94.4

300 20 95.4 96.6 94.3 96.6 94.3 95.4 94.1 94.3
50 93.9 95.9 94.5 95.4 91.6 93.9 94.7 94.1

100 94.3 95.3 95.6 96.2 95.0 96.2 91.3 95.5
500 93.5 94.1 93.3 94.7 95.7 96.3 95.2 95.1

1000 20 93.0 95.1 93.3 94.8 92.1 95.1 92.6 95.3
50 93.0 94.8 92.5 94.5 93.8 94.2 95.2 94.2

100 94.4 94.7 92.9 94.6 93.1 94.0 94.0 94.6
500 94.8 95.8 94.8 95.6 95.2 95.1 95.6 95.2

0.5 100 20 95.9 95.9 93.4 96.1 96.2 96.4 95.7 96.4
50 95.2 96.0 94.3 94.3 96.3 96.6 96.0 97.5

100 93.8 93.8 94.2 94.1 96.0 96.2 96.6 96.5
500 95.4 95.4 95.6 93.1 93.8 94.4 95.2 96.1

300 20 93.9 94.4 92.9 93.9 96.2 97.0 94.7 96.5
50 95.5 94.5 93.8 94.8 95.1 95.7 95.6 95.2

100 94.5 94.7 94.1 94.4 93.6 93.5 93.5 94.1
500 96.4 95.3 95.8 96.1 95.1 95.8 95.1 95.3

1000 20 95.0 95.1 94.7 95.4 95.0 95.3 94.0 95.3
50 94.4 92.9 92.6 94.0 94.0 95.0 96.0 95.3

100 94.3 95.1 93.7 95.1 96.1 95.1 93.7 94.8
500 93.5 95.0 95.9 93.8 95.9 96.0 95.5 96.2

1Coverage rates for OS-FE calculated via symmetric Cis as derived from resampling.
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Appendix B: 

Additional Simulation Results under Heterogenous Correlations of the Random Effects

Appendix C: 

Additional Simulation Results under Heterogenous Sample Sizes

Table A2. Relative bias, relative RMSE, and coverage rates.

Relative Bias Relative RMSE Coverage

S N Cor RE OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS

20 300 full 0 –2.2 –1.2 –3.7 –2.6 100 109.6 104.9 111.0 94.5 94.2 92.9 93.3
0.1 –1.5 0.0 2.4 –1.5 100 110.5 108.1 104.5 96.0 96.4 94.8 95.9

block 0 2.7 –0.1 0.9 1.5 100 97.0 94.6 96.6 95.3 96.0 95.2 96.1
0.1 0.7 –1.0 –0.4 0.5 100 93.9 97.0 96.6 94.2 95.0 93.4 95.0

1000 full 0 2.6 2.8 –1.1 3.6 100 108.1 104.0 108.0 95.1 95.6 94.7 96.1
0.1 –5.0 –3.7 –4.4 –4.5 100 118.6 113.9 122.4 96.0 95.0 94.5 94.9

block 0 –2.4 –2.4 –5.9 –1.6 100 89.9 93.0 89.8 93.5 94.9 93.7 95.5
0.1 –1.9 –0.8 –1.1 –1.7 100 91.0 93.0 93.2 92.9 94.4 92.6 94.5

50 300 full 0 1.7 1.1 –0.6 0.9 100 114.0 102.7 113.8 95.6 94.7 93.8 95.2
0.1 –0.3 −2.1 –1.8 –1.8 100 107.0 104.7 106.8 95.3 95.4 94.1 95.3

block 0 –0.7 –3.2 –4.1 –2.5 100 99.3 98.5 97.0 92.3 94.5 94.3 94.5
0.1 –1.9 –4.2 –4.1 –4.3 100 97.8 98.6 95.5 93.1 95.5 94.4 95.4

1000 full 0 1.3 0.4 0.5 0.6 100 118.1 109.4 120.2 94.0 92.3 92.6 93.2
0.1 1.2 0.6 0.0 1.5 100 128.6 116.0 127.4 94.9 94.4 95.2 94.8

block 0 1.6 1.0 –1.2 1.1 100 94.9 103.6 97.9 92.9 94.1 94.4 94.8
0.1 –2.4 –1.9 –4.8 –1.7 100 91.8 95.7 96.4 93.7 94.2 93.5 94.6

100 300 full 0 0.4 –1.0 –0.3 –1.3 100 114.3 105.9 111.9 95.3 95.0 94.1 94.3
0.1 –1.2 –2.0 –1.7 –2.4 100 110.5 107.2 111.2 95.4 95.0 93.8 94.8

block 0 0.8 –1.4 –1.5 –1.0 100 92.4 100.6 94.6 94.8 95.6 94.4 95.5
0.1 –0.5 –1.9 –2.2 –2.1 100 94.4 102.0 97.2 93.7 95.1 94.3 95.2

1000 full 0 –0.5 0.7 –0.6 1.0 100 113.6 117.5 114.5 94.1 95.0 93.7 95.6
0.1 0.1 0.0 −0.3 0.7 100 126.9 128.0 127.8 95.3 94.6 94.8 95.3

block 0 0.6 –1.4 –3.2 –1.1 100 98.6 107.8 98.8 94.5 95.8 94.1 95.8
0.1 –0.3 –1.9 –3.3 –1.3 100 104.0 108.1 102.7 94.2 95.6 93.9 95.8

Note. Cor ¼ structure of the correlation matrix of the random effects (full ¼ all cells have the same value/are sampled from the same value range; block ¼
only correlations between item loading of item belonging to the same latent factor have correlations that deviate from zero); RE ¼ indicates whether all cells in 
the correlation matrix were fixed to a certain value (i.e., either 0 or .50) or whether values were sampled from a given range of values (i.e., either [−.20,.20] or 
[.30,.70]). S ¼ number of primary studies per meta-analysis; OS-CRE ¼ one-stage parameter-based MASEM assuming correlated random effects; OS-UCRE one- 
stage parameter-based MASEM assuming uncorrelated random effects; OS-FE ¼ one-stage fixed effects MASEM with resampling-based standard errors; TS ¼
two-stage parameter-based MASEM.

Table A3. Relative bias, relative RMSE, and coverage rates under heterogenous sample sizes.

Relative Bias Relative RMSE Coverage

Mod S SDN 
1 OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS

CM 20 0 –1.7 –0.5 –5.4 –9.1 100 99.7 98.9 100.4 96.0 95.9 94.2 96.9
100 –2.5 –1.1 –1.0 –2.8 100 98.9 100.1 101.4 94.0 95.0 95.0 95.5
240 –1.2 –0.7 –0.3 –2.4 100 99.7 107.2 98.4 94.1 95.6 93.6 95.7

50 0 0.0 1.3 –1.4 –3.2 100 99.0 109.8 103.9 94.8 95.5 96.2 95.5
100 0.2 –0.3 –0.2 –1.1 100 97.1 107.3 96.4 93.5 95.3 93.9 95.3
240 0.2 1.0 –0.5 –0.3 100 97.2 104.9 97.6 93.2 95.4 94.0 95.2

100 0 1.5 1.1 3.0 –4.0 100 100.0 106.0 105.8 94.4 95.8 95.0 94.5
100 1.1 0.8 –0.2 –0.8 100 100.1 111.3 102.8 95.1 95.4 95.1 95.4
240 0.3 0.4 –0.3 –1.0 100 97.7 107.2 96.9 93.4 93.9 94.1 93.5

DM 20 0 –2.2 –1.2 –3.7 –2.6 100 109.6 104.9 111.0 94.5 94.2 92.9 93.3
100 –5.3 –5.5 –6.5 –7.0 100 97.1 102.9 96.1 94.5 95.5 94.2 95.8
240 –9.7 –6.1 −10.2 –9.8 100 101.0 105.1 95.3 93.9 94.9 94.1 95.2

50 0 1.7 1.1 –0.6 0.9 100 114.0 102.7 113.8 95.6 94.7 93.8 95.2
100 3.4 3.2 4.0 5.4 100 98.3 100.5 93.9 92.2 94.3 94.4 93.8
240 0.7 –2.7 –0.9 –0.9 100 94.6 104.9 96.2 92.5 94.8 95.5 95.0

100 0 0.4 –1.0 –0.3 –1.3 100 114.3 105.9 111.9 95.3 95.0 94.1 94.3
100 –0.8 –0.4 –0.6 0.6 100 95.9 100.2 96.0 94.4 95.7 95.2 95.3
240 –1.3 2.1 2.0 2.9 100 100.3 99.8 99.6 92.9 94.5 94.6 94.7

Note. Mod¼Moderator; CM¼ continuous moderator; DM¼ dichotomous moderator; S ¼ number of primary studies per meta-analysis; SDN ¼ between-study 
sample size heterogeneity in standard deviation. OS-CRE¼ one-stage parameter-based MASEM assuming correlated random effects; OS-UCRE one-stage param
eter-based MASEM assuming uncorrelated random effects; OS-FE¼ one-stage fixed effects MASEM with resampling-based standard errors; TS¼ two-stage param
eter-based MASEM.
1Study-specific sample sizes were randomly drawn from a truncated log-normal distribution with mean ¼ 300, lower bound ¼ 100, and SDNlog¼ .33, .61 (i.e., 
SDNraw ¼ 100, 240).
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Appendix D: 

Additional Simulation Results under Correlated Moderators

Table A4. Relative bias, relative RMSE, and coverage rates under correlated moderators.

Relative Bias Relative RMSE Coverage

CorRE N S CorMod OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS OS-CRE OS-UCRE OS-FE TS

0.0 100 20 0.3 4.9 4.0 4.4 1.8 100 100.1 108.9 105.3 96.5 96.5 92.6 96.5
100 20 0.7 2.7 1.4 –0.5 –2.9 100 97.5 109.3 103.3 95.8 95.8 93.0 96.0
100 50 0.3 2.8 1.5 –1.4 –4.1 100 93.6 103.4 100.4 95.6 96.5 94.4 96.8
100 50 0.7 1.7 1.1 0.3 –4.5 100 98.9 103.0 99.0 94.7 96.5 94.5 95.9
100 100 0.3 –0.1 –0.2 –0.4 –6.8 100 96.2 97.8 106.0 95.2 96.1 94.3 94.1
100 100 0.7 –0.8 0.4 0.0 –4.8 100 99.1 107.9 104.9 92.5 94.1 94.8 93.6
300 20 0.3 2.6 4.1 3.5 2.3 100 91.6 99.0 95.0 95.3 96.3 95.8 96.3
300 20 0.7 –0.8 –0.3 –0.6 –3.1 100 98.3 103.4 100.7 92.6 94.2 93.1 93.7
300 50 0.3 –1.1 –0.6 –2.0 –3.3 100 97.4 102.6 99.0 95.1 95.9 95.9 95.8
300 50 0.7 –1.1 –0.2 –0.9 –0.5 100 99.4 105.9 97.8 94.5 96.3 96.8 95.6
300 100 0.3 –0.6 –0.8 –0.3 –1.9 100 100.5 99.3 105.8 94.5 95.2 94.5 94.3
300 100 0.7 –0.2 –0.1 –1.1 –1.2 100 95.2 95.9 96.5 94.1 95.2 93.8 95.2

1000 20 0.3 2.4 0.6 –2.2 0.3 100 95.6 97.3 92.7 92.4 94.7 93.5 94.6
1000 20 0.7 4.0 3.0 1.8 3.7 100 88.0 88.0 89.9 93.0 95.3 93.3 95.1
1000 50 0.3 0.3 0.7 0.6 –0.2 100 92.7 103.9 96.2 92.4 95.2 92.0 94.9
1000 50 0.7 0.1 0.1 –1.1 –0.6 100 102.2 108.4 100.6 92.4 94.9 94.9 94.9
1000 100 0.3 0.6 0.0 –0.4 –0.7 100 98.4 102.7 97.9 94.3 95.7 93.6 95.3
1000 100 0.7 –1.0 –1.4 –2.3 –1.7 100 97.7 100.6 98.0 94.8 95.5 95.2 95.5

0.5 100 20 0.3 1.2 1.9 2.5 –1.1 100 101.1 100.8 100.1 96.5 96.5 93.7 96.5
100 20 0.7 –1.7 –0.2 5.2 –4.1 100 98.5 95.4 107.1 96.5 95.8 94.7 95.6
100 50 0.3 0.6 0.5 1.3 –2.2 100 100.7 101.3 112.5 93.6 93.3 94.0 93.7
100 50 0.7 –1.9 –3.1 –4.2 –7.6 100 113.3 104.2 118.4 95.2 95.2 93.6 96.1
100 100 0.3 –0.1 0.4 –0.3 –2.6 100 99.1 103.2 109.1 95.9 95.0 94.3 95.4
100 100 0.7 –3.3 –2.8 –1.2 –6.5 100 105.3 108.9 112.0 94.8 94.7 93.8 95.2
300 20 0.3 –0.7 –0.4 –0.5 –0.9 100 102.2 101.4 103.1 95.6 95.3 93.7 95.6
300 20 0.7 –2.5 –2.5 –1.2 –4.2 100 102.4 95.4 102.5 95.3 95.3 94.4 95.6
300 50 0.3 –0.3 –0.8 –0.8 –0.7 100 114.7 107.8 114.3 95.8 94.7 94.9 95.9
300 50 0.7 0.4 0.4 –1.5 –0.7 100 101.0 98.1 110.1 94.7 96.3 94.3 95.6
300 100 0.3 –0.1 0.2 0.8 0.1 100 106.8 109.8 110.0 95.0 94.5 94.8 93.9
300 100 0.7 1.8 0.7 0.2 0.2 100 100.9 102.6 103.6 94.3 93.8 93.2 93.8

1000 20 0.3 0.7 1.4 1.7 2.7 100 111.7 101.0 112.1 95.1 96.5 93.1 96.0
1000 20 0.7 1.5 –0.6 –0.4 0.9 100 106.5 101.1 110.0 92.8 94.0 93.7 94.0
1000 50 0.3 1.8 1.6 0.9 2.3 100 104.2 106.7 109.7 93.3 94.3 93.5 94.3
1000 50 0.7 1.3 –1.6 –1.6 –0.9 100 104.9 104.4 111.8 93.8 95.0 93.4 94.9
1000 100 0.3 –1.0 –1.5 –1.4 –0.4 100 109.7 99.6 109.5 96.2 96.4 95.2 97.0
1000 100 0.7 –1.1 –0.3 –1.3 0.0 100 122.3 113.5 126.4 94.1 92.5 93.0 92.5

Note. CorRE ¼ correlation of the RE; CorMod ¼ point-biserial correlation of the two moderators; N ¼ sample size within each primary study; S ¼ number of pri
mary studies per meta-analysis.
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