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ABSTRACT

Researchers conducting meta-analytical structural equation modeling (MASEM) with individual partici-
pant data can choose from several methods, including cluster-robust estimation, two-level SEM, multi-
variate meta-analysis of path coefficients, and One-Stage MASEM (OSMASEM). While two-level SEM
and OSMASEM model within- and between-study effects separately, cluster-robust estimation com-
bines them, estimating an overall path coefficient. Despite its popularity, cluster-robust estimation
often yields results that differ from other methods. Simulations using factor models and real-world
comparisons using path models show that it may not accurately reflect within-study estimates and
can produce biased standard errors. This study compares IPD MASEM methods using simulated data,
varying intraclass correlations, parameter equality across levels, number of studies, and missing data.
Results reveal that cluster-robust estimation frequently misrepresents within-study estimates, produces
biased standard errors, and tends to incorrectly reject model fit, highlighting the need for careful
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method selection in IPD MASEM applications.

Adopting values put forward by the Open Science move-
ment, increasing amounts of research data are being accrued
in publicly accessible repositories (e.g., Open Science
Framework). Individual participant data (IPD) meta-analysis
is considered the best available procedure to synthesize these
mounting sources of evidence (M. Simmonds et al., 2015;
Stewart & Tierney, 2002). Most IPD meta-analyses involve
univariate techniques. Univariate meta-analysis can only be
used to answer a narrow selection of possible research ques-
tions that scholars may have. In order to make the most out
of these available data, meta-analysts are in need of more
complex tools for evidence synthesis. While approaches for
multivariate meta-analysis using IPD have been proposed
(e.g., Campos et al., 2023; Riley et al., 2021), validated meth-
ods for individual participant data meta-analytic structural
equation modeling (IPD MASEM) are lacking. IPD MASEM
is the amalgamation of IPD meta-analysis and MASEM. It
distinguishes itself from traditional MASEM through the
analysis of the raw data of the primary studies, rather than
only the summary statistics that are usually reported in
research articles.

Several analytic approaches can be taken for conducting
IPD MASEM. IPD inherently has a two-level structure, with
observations clustered in primary studies, so analysis
options for multilevel data apply. Additionally there are
options such as cluster-robust single-level SEM, multigroup
SEM, multivariate meta-analysis (MVMA) of path

coefficients, and correlation-based MASEM (see Groot et al.,
2024). However, their solutions are not interchangeable. The
decision for one method or another is to be taken, primar-
ily, based on the specific research question. With clustered
data, the research question dictates the level (or levels) at
which the parameters are to be interpreted, which may vary
across the available approaches (Stapleton et al, 2016).
Two-level SEM explicitly separates effects at the within-
study level from those at the between-study level.
Multigroup SEM and correlation-based MASEM will pro-
vide estimates of (average) within- study effects. Lastly, the
cluster-robust method (also referred to as ‘aggregated ana-
lysis’ or ‘design-based adjustment for clustering’) estimates
overall path coefficients for a single-level model, represent-
ing a mix of within-study and between-study effects (‘total’,
‘marginal’, or ‘general’ effects).

Of the mentioned analysis approaches, cluster-robust sin-
gle-level estimation is often used in practice (e.g., Blackwell
et al, 2022; Huh et al, 2022; Ray et al, 2014). Cluster-
robust estimation, in this context, involves adjusting stand-
ard errors and scaling the y? measure of exact fit (and
x>-derived measures of approximate fit). It is not always
clear from the research article why researchers choose to
merely adjust the standard errors and fit statistics for the
clustering in their data, rather than to separate the within-
and between-effects. In a meta-analytic setting, researchers
often want to answer questions that involve the within-
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study level (ie., the level of participants), rather than the
level of the studies. Even in cases where researchers have no
a priori hypotheses on study differences, it could still make
sense to choose a modeling approach that can accommodate
any study-mean differences that might present themselves.
A lack of theory on between-study level information and
lack of affinity or familiarity with multilevel modeling may
be reasons why they steer towards a single-level approach
such as cluster-robust estimation.

Huh et al. (2022) do describe their rationale for their
decision and warrant their choice for a design-based adjust-
ment to clustering. The paper states that multilevel regres-
sion coefficients and estimates from a single-level model
both can be interpreted as marginal estimates, making
design-based adjustment for clustering and model-based
adjustment ‘functionally equivalent’ (p. 396). Nonetheless,
warnings that the single-level parameter estimates in the
context of nested data are difficult to interpret are all but
new (e.g., Cronbach et al., 1976; Raudenbush & Bryk, 2002).

Wu and Kwok (2012) investigated design-based adjust-
ment for clustering when fitting factor models, extending on
the research into aggregated analysis by Muthén and Satorra
(1995). Using simulations, they showed that design-based
adjustment for clustering (i.e., cluster-robust estimation)
only provide satisfying results when the factor structure and
population values are held equal at the between and within
levels. They conclude that the model-based adjustment
‘produces more consistent and efficient model parameter
estimates’ (p. 33). However, their research was limited to
factor models. Also, they did not investigate the effect of
setting the population values of the parameters unequal
across levels.

Results of evaluating path models using empirical data
appear to align with the simulations of Wu and Kwok
(2012). In Groot et al. (2024), a range of IPD MASEM
approaches was illustrated and compared using a collection
of empirical data sets (see Hagger et al., 2022). Path coeffi-
cients from methods using model-based adjustment, produc-
ing within-level estimates, were all very close to one another
while the path coefficients from design-based approach, not
producing within-level estimates, were notably different.

1. Current Study

It is evident from theory and empirical examples that
cluster-robust single-level SEM parameters cannot always be
expected to equal within-level estimates from other model-
ing approaches. Given that prior research has shown that
unequal within and between-level structures can influence
results when evaluating factor models (Wu & Kwok, 2012),
we will investigate this premise in the context of path mod-
els, and with the inclusion of different population values
across the levels. Therefore, the aim of this study is to
answer the question when cluster-robust single-level esti-
mates reflect within-study level estimates of path coeffi-
cients, and when they do not.

We aim to answer this research question by means of a
Markov chain Monte Carlo (MCMC) method simulation

study. We will simulate data according to several scenarios,
before fitting a path model to these data collections by
means of different analytical approaches. The evaluated ana-
lytical approaches, the data generating mechanism, as well
as the manipulated factors, are introduced below.

1.1. Analysis Approaches

In this simulation study, we will evaluate the performance
of different analysis approaches that can be taken to evalu-
ate a path model in a meta-analytic context, using IPD. We
focus on five different analysis approaches. These are: (a)
the single-level path model with cluster-robust standard
errors, (b) the partially saturated model, which is also
referred to as the maximum model; (c) the two-level path
model; (d) multivariate meta-analysis of path coefficients
(MVMA); and (e) One-stage MASEM (OSMASEM).

1.1.1. Cluster-Robust Single Level Model

The cluster-robust single-level model is the first approach of
interest. It is also referred to as aggregated analysis or the
single-level model with design-based adjustment for cluster-
ing (Muthén & Satorra, 1995; Wu & Kwok, 2012). The
method is commonly used, as it is easy to conduct. A path
model is evaluated by minimizing the misfit between the
model-implied variance-covariance matrix X and the
observed variance-covariance matrix X. The numbers of
rows and columns in this matrix equal the number of varia-
bles p in the hypothesized model. The single-level path
model has the following matrix algebraic expression:

L=(1-B)'¥Y1-B)"", (1)

with p X p matrix B containing the path coefficients, p x p
matrix ¥ containing the (residual) variances and covarian-
ces, and I representing an identity matrix. The corrections
that take place in the cluster-robust procedure only affect
the standard errors, by adjusting the standard errors using a
sandwich estimator (Hox et al., 2018a; White, 1984), and
the %% (and yx?-derived) fit statistics (Muthén & Satorra,
1995; Raudenbush & Bryk, 2002). The path coefficients
themselves equal those obtained from the naive pooling
approach, where all observations from all primary studies
would be treated as independent and analyzed as one large
sample. Technically, the estimates produced by this cluster-
robust method are neither within-study nor between-study
level estimates, but they are a function of the within and
between-level parameters.

1.1.2. Partially Saturated or Maximum Model

The partially saturated model (or maximum model; Hox,
2002; Hox et al., 2018b) is a two-level model that explicitly
separates the within-studies (denoted by subscript W) and
between-studies (denoted by subscript B) models. In a two-
level model, the total covariance matrix Xr is decomposed
into a set of orthogonal covariance matrices Xy = Xy + Xp
The hypothesized model is specified on the within-study
level, while the between-studies level model is saturated. In



the partially saturated model, there is no path structure, and
therefore no B matrix, at the between-study level. Hence,
the matrix algebraic expression for the partially saturated
path model amounts to:

Yp = (I-By) "Ww(I—Byw) " + ¥, )

with the W5 matrix containing the between-study level var-
iances and covariances equating the Xy matrix in the
absence of a B matrix at this level. In a meta-analytic set-
ting, researchers are often interested in within-study level
estimates, and this model provides estimates for the
hypothesized model at the within-level, while replicating the
variance-covariance matrix at the saturated between-level.

1.1.3. Two-Level Path Model

The two-level path model is nested within the partially satu-
rated model. In contrast to the partially saturated model the
two-level path model also has a hypothesized structure mod-
eled at the between-studies level. Although between-study
level effects are less often part of the research questions of
meta-analysts, and can be harder to interpret, they may be
estimated using a full two-level SEM on the pooled IPD.
The expression of a two-level path model is as follows:

Xr = (I-By) "Wy -By)™*
+ (I-Bg)'Ws(1—Bg)™'7, (3)

where the regression coefficients in By can be interpreted
as a regression on the individual level, while the the regres-
sion coefficients in Bg should be interpreted as the effect of
the study mean of a variable on the study mean of another
variable.

1.1.4. Multivariate Meta-Analysis of Path Coefficients
Multivariate meta-analysis of path coefficients is a two-stage
approach, where the path model is first evaluated in every
primary study. The matrix algebraic expression of a path
model for each group j is

Y= (1-B)'¥;1-B)"". (4)

Next, the obtained path coefficients are meta-analyzed
using multivariate meta-analysis. The meta-analytic model is
expressed as:

ﬁj|Bj ~ N(Bj’vj)

B~ N(B.T), ®

where ﬁj is a vector of estimated path coefficients for each
of the k trials, normally distributed around unknown popu-
lation value B; with within-study covariance matrix V;. The
study-specific B; are in turn distributed around a vector of
grand mean path coefficients B with between-study covari-
ance matrix T?.

1.1.5. One-Stage MASEM
One-stage MASEM is a random-effects, correlation-based
MASEM approach that fits the hypothesized model on
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averaged correlations across the primary studies. OSMASEM
meta-analyzes the bivariate correlation coefficients:

tjlp; ~ N(p; V)

6
p~ N (po T, ©

where rj represents a vector of estimated correlation coefficients,
normally distributed around a vector of study-specific popula-
tion correlation coefficients p;, with sampling covariance matrix
V;. Population correlation coefficients p; are normally distrib-
uted around the model-implied average correlation structure pg,
with variance-covariance matrix T® as heterogeneity compo-
nent. py is modeled as a function of path coefficients:

pr = vechs((I-B)'¥(1-B)™'"), (7)

where vechs() indicates transforming the lower triangle of a
matrix into a column vector (strict half-vectorization).

1.2. Data Generation

As the basis for this simulation study, we use data characteris-
tics of Hagger et al. (2022), which contains data on health
behaviors. We believe these are a good example of what typ-
ical quantitative data look like in the social and behavioral sci-
ences, in health sciences, and economics. These data sets
contain observations on five variables that can be used to
evaluate a path model representing the Theory of Planned
Behavior (TPB, see Figure 1; Ajzen, 1991).

The data generating mechanism followed a two-level
approach, because simulating this method allows us to vary the
within-study and between-study level variance-covariance
structure as well as the intraclass correlation coefficients (ICCs)
of the variables. Additionally, it produces a simulated data set
that closely resembles a collection of IPD as would be used in
practice. Such a data set contains observations of several varia-
bles for participants that are nested in primary studies.

We used a set of two variance-covariance matrices X—one
for the between-study level (X¥p) and one for the within-study
level (Xw). Each of these X matrices, in turn are computed from
their own B matrix containing regression coefficients, and a ¥
matrix containing residual (co)variances (see also Equations 1-
3). First, we generated variable’s group means for each primary

ATT

SN

INT

BEH

PBC

Figure 1. Path model for the theory of planned behavior (Ajzen, 1991). Note.
ATT = Attitudes; SN = Subjective Norms; PBC = Perceived Behavioral Control;
INT = Intentions; BEH = Behavior.
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study from the between-level X. Second, the individual observa-
tions, representing the individual participant’s data in each of
the primary studies, are generated for each primary study based
on the group means that were generated in the first stage, and
the within-level £ matrix. Sample sizes for the primary studies
are randomly sampled (with replacement) from a range
of values defined by the minimum and maximum sample sizes
that were reported in Hagger et al. (2022; i.e,, 90 < n < 1238).
This data generating mechanism allows us to manipulate a range
of different factors, which we describe below.

1.3. Manipulated Factors

1.3.1. Structural Equality and Intraclass Correlation
The matrix containing the total variance-covariance structure
Xotal is decomposed into two separate X matrices, one for the
between-study level (Xgp), and one for the within-study level
(Xw). The first two factors to manipulate in the data generation
are the equality of within and between-level population values
leading to Xy and Xp, and the ICCs. We held the variance-
covariance matrices equal across the two levels (X5 = Xy; ie.,
structural equality), or we maintained the same path model at
the within and between level matrices with different parameter
values across levels so that X5 # Xy (i.e., structural inequality).
We manipulated the X matrices indirectly by applying changes
to the underlying B and ¥ matrices.

ICCs are defined as the proportion of variance that is shared
among members of the same group, or in this case, participants in
the same primary study. It is calculated as the proportion of the

variance which exists at the between-study level, in relation to the

. : OB
total variance (i.e., o———
1,1 1,1

. In the context of two-level factor
models, ICC has already been shown to influence both the fit and
the stability of model parameter estimates (Wu & Kwok, 2012).
When the ICC is equal to .5, this denotes the variance is
equally split among the two levels. If this is due to equal B and
Y matrices over the levels, we call this condition ‘structural
equality’. We varied the ICC by choosing different values for
the B and ¥. Considering these two factors, we determined

four possible scenarios that are interesting to investigate.

1.3.1.1. Scenario 1: Unequal ¥ Matrices and Low ICC. For
the first scenario, we use different B and ¥ across the two
levels. By varying the population values we could set the
ICC to take on the desired value. We chose a value of .0525
to represent low ICC. Table 1 shows the matrices containing
the population values that belong to this scenario.

1.3.1.2. Scenario 2: Unequal ¥ Matrices and Medium ICC.
For the condition with medium sized ICC values, we used
empirical values from the aforementioned Hagger et al.
(2022) data (see Table 2).! Note that the empirical data
from which these population values are obtained were

'We obtained the population values of the model parameters for the data
generating mechanism by fitting a two-level model on (standardized) empirical
data published in Hagger et al. (2022), using lavaan (Rosseel, 2012). After fitting
the two-level path model, we extracted B and ¥ matrices for both the within
and between level, from which we computed the model implied X matrices.

Table 1. Population values of B, ¥, and X for generating the data in condi-
tions with unequal structures and low ICC.

Within Between

B ATT SN PBC INT BEH ATT SN PBC INT BEH
ATT 0 0 0 0 0 0 0 0 0 0
SN 0 0 0 0 0 0 0 0 0 0
PBC 0 0 0 0 0 0 0 0 0 0
INT 043 0.16 0.31 0 0 -0.01 0.77 0.06 0 0
BEH 0 0 0.53 0.07 0 0 0 0.02 0.59 0
v

ATT 099 035 0.4 0 0 0.05 0.04 0.01 0 0
SN 035 099 032 0 0 0.04 0.05 0.02 0 0
PBC 04 032 099 0 0 0.01 0.02 0.05 0 0
INT 0 0 0 0.5 0 0 0 0 0.02 0
BEH 0 0 0 0 0.68 0 0 0 0 0.03
X

ATT 099 035 04 061 025 0.05 0.04 0.01 0.03 0.02
SN 035 099 032 041 02 0.04 005 002 004 0.02
PBC 04 032 099 053 0.56 0.01 0.02 0.05 0.02 0.01
INT 061 041 053 099 0.35 0.03 0.04 0.02 0.05 0.03
BEH 0.25 0.2 0.56 0.35 1 0.02 0.02 0.01 0.03 0.05

Table 2. Population values of B, ¥, and X for generating the data in condi-
tions with unequal structures and medium ICC.

Within Between

B ATT SN PBC INT BEH ATT SN PBC INT BEH
ATT 0 0 0 0 0 0 0 0 0 0
SN 0 0 0 0 0 0 0 0 0 0
PBC 0 0 0 0 0 0 0 0 0 0
INT 043 016 031 0 0 -0.01 0.64 0.07 0 0
BEH 0 0 0.53 0.07 0 0 0 0.03 091 0
b 4

ATT 099 035 04 0 0 053 033 0.07 0 0
SN 035 099 032 0 0 033 041 013 0 0
PBC 04 032 0.99 0 0 007 013 022 0 0
INT 0 0 0 0.5 0 0 0 0 0.1 0
BEH 0 0 0 0 0.68 0 0 0 0 0.44
x

ATT 099 035 04 061 025 053 033 0.7 021 019
SN 035 099 032 041 02 033 041 013 027 025
PBC 04 032 099 053 056 007 013 022 0.1 0.1
INT 061 041 053 099 035 0.21 027 01 029 0.26
BEH 025 02 056 035 1 019 025 01 026 0.68

rescaled at the within-study level, which causes the variances
and covariances to resemble a correlation matrix.” Finally,
we show the empirical ICC values, ranging from .18 to .40,
in Table 3. We labeled these empirical values as medium-
sized ICCs, lying in between the generated small and large
ICC values from scenarios 1 and 3.

1.3.1.3. Scenario 3: Unequal X Matrices and High ICC. For
high intraclass correlation, we adhere to an ICC value of
0.50. This corresponds to a scenario where the diagonal of
the variance-covariance structure across the two levels is
identical, indicating that exactly half of the total variance
occurs at the between-study level. We created a condition
where there is high ICC combined with unequal structures
in the X matrices by specifying equal ¥ but unequal B
matrices across the two levels (see Table 4).2

20One would expect the values along the diagonal to equal 1 as they are
standardized variances, but the values obtained through the estimation
procedure sometimes showed a negligible deviance from 1.

3Because the ICC only depends on the values on the diagonal of the X
matrices, the off-diagonal values of X are allowed to vary through a different
structure in the B matrix.



Table 3. Empirical intraclass correlation coefficients (ICC) obtained from the
data published in Hagger et al. (2022).

Variable INT ATT SN PBC BEH
ICC 0.221 0.347 0.292 0.184 0.402
Note. INT =Intentions, ATT = Attitudes, SN =Subjective Norms, PBC=

Perceived Behavioral Control, BEH = Behavior.

Table 4. Population values of B, ¥, and X for generating the data in condi-
tions with unequal structures and high ICC.

Within Between

B ATT SN PBC INT BEH ATT SN PBC INT BEH
ATT 0 0 0 0 0 0 0 0 0 0
SN 0 0 0 0 0 0 0 0 0 0
PBC 0 0 0 0 0 0 0 0 0 0
INT 043 0.16 031 0 0 -0.01 077 0.06 0 0
BEH 0 0 0.53 0.07 0 0 0 0.02 0.59 0
b g

ATT 099 035 04 0 0 0.99 0.7 0.2 0 0
SN 035 099 032 0 0 0.7 0.99 043 0 0
PBC 04 032 0.99 0 0 0.2 043 0.99 0 0
INT 0 0 0 0.5 0 0 0 0 0.38 0
BEH 0 0 0 0 0.68 0 0 0 0 0.65
x

ATT 099 035 04 061 025 0.99 0.7 02 054 032
SN 035 099 032 041 02 0.7 099 043 077 047
PBC 04 032 099 053 0.56 0.2 043 099 039 0.25
INT 061 041 053 099 035 054 077 039 099 0.59
BEH 025 02 056 035 1 032 047 025 0.59 1

1.3.1.4 Scenario 4: Equal X Matrices and High ICC. In this
final scenario, the population B, ¥, and X matrices were all
held equal at within and between-study level. The within-
study level values of the previous scenarios are now used on
both levels (see Table 5). In this case, the variances are
equal at the within-and between study levels. This implies,
by definition, that the ICCs for the observed variables
equal .50.

1.3.2. Number of Primary Studies

Cluster-level sample size (denoted k) is a factor that can influ-
ence the stability of path coefficients. When conducting random-
effects MASEM the number of included primary studies should
ideally be at least 30 (Jak & Cheung, 2020). multilevel modeling
approaches also provide more stable results when the number of
clusters increases (Maas & Hox, 2005; Meuleman & Billiet, 2009)
In practice, systematic reviews by M. C. Simmonds et al. (2005);
M. Simmonds et al. (2015) show the number of primary studies
included in published IPD meta-analyses included ranged from
2 to 78. Many IPD MA and IPD MASEM studies report study-
level sample sizes of around 10 primary studies. For example, the
median value found across 100 IPD meta-analyses was 8 in M.
Simmonds et al. (2015). A study-level sample size of 50 could be
considered large in a practical sense, but desirable in terms of
power and precision. Therefore, we chose to vary the values
for k = 10, 30, 50.

1.3.3. Missingness

A scenario where there is (at least some) missing data is
probable in real-life applications of IPD MASEM. Missing
data can occur at either the participant or the variable level.
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Table 5. B, ¥, And X matrices for equal structures.

Within Between

B ATT SN PBC INT BEH  ATT SN PBC INT BEH
ATT 0 0 0 0 0 0 0 0 0 0
SN 0 0 0 0 0 0 0 0 0 0
PBC 0 0 0 0 0 0 0 0 0 0
INT 043 0.6 031 0 0 043 0.6 0.31 0 0
BEH 0 0 0.53 0.07 0 0 0 0.53 0.07 0
v

ATT 099 035 04 0 0 099 035 04 0 0
SN 035 099 032 0 0 035 099 032 0 0
PBC 04 032 0.99 0 0 04 032 0.99 0 0
INT 0 0 0 0.5 0 0 0 0 0.5 0
BEH 0 0 0 0 0.68 0 0 0 0 0.68
X

ATT 099 0.35 04 0.61 025 099 035 0.4 0.61 0.25
SN 035 099 032 041 0.2 035 099 032 041 0.2
PBC 04 032 099 053 056 04 032 099 053 056
INT 061 041 053 099 035 061 041 053 099 035
BEH 0.25 0.2 0.56 0.35 1 0.25 0.2 0.56 0.35 1

Missing data at the participant level is not particularly inter-
esting in the context of this study, because all of the
involved methods are known to be able to deal with that
type of missingness. Missing data at the variable level, on
the other hand, is of interest because this type of missing-
ness is not handled equally across the methods. This condi-
tion does pose a problem for MVMA because it relies on
MG SEM in the first stage, which does not accommodate
missing data at the variable level.

In the context of the Theory of Planned Behavior, it is
common to encounter studies that have no observations
on the behavior variable. Therefore, we created conditions
in which there are only four observed variables rather
than five. In the conditions with missing data, we elimi-
nated observations for the behavior variable in 50% of the
primary studies. Because behavior is the outcome variable,
we can still compare the direct effects of the exogenous
variables on intention, even with the behavior variable
missing.

In the MVMA approach, we can still obtain some com-
parable results. This was achieved by fitting a four vari-
able (three paths) version of the path model in stage one
(MG SEM) on the data from studies missing the behavior
variable. This resulted in an incomplete data file for stage
two (multivariate meta analysis), where for half of the
studies there were three path coefficients present, and for
half of the studies there are five. This, however, does not
pose a problem, because multivariate meta-analysis can
accommodate this type of incomplete data where not
every study provides an equal number of effects to be
synthesized.

1.4. Overview of the Simulation Study

In this study we simulated data according to four scenarios for
structural equality and ICC, three cluster-level sample sizes k,
and two missing data scenarios. Hence, we simulated data
according to 4 x 3 x 2 = 24 conditions, generating 1000 col-
lections of individual participant data in each condition. On
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these 24,000 meta-analytic data sets, we conducted IPD
MASEM using five distinct approaches in order to evaluate the
performance of each of these procedures under the different
manipulated conditions. All analyses were conducted with the
R (Version 4.3.3; R Core Team, 2020) programming language
for statistical computing, using CRAN distributed packages
MASS (Version 7.3-60.2 Venables & Ripley, 2002), lavaan
(multilevel and multigroup SEM; Version 0.6-19; Rosseel,
2012), metafor (multivariate meta-anlaysis; Version 4.6-0;
Viechtbauer, 2010), and metaSEM (OSMASEM,; Version 1.5.0;
Cheung, 2015). Annotated syntax for the data generation,
model fitting, and extraction of results for this study can be
found in the online supplementary materials (https://osf.io/
gh4jn/). Since the within-level parameter values were not ran-
dom across studies in the data-generation, we applied fixed-
effects MVMA and OSMASEM.

2. Evaluation Criteria

After conducting IPD MASEM on all the data sets in each
condition, we were primarily interested in the parameter esti-
mates, in order to answer our main research question.
Additionally we evaluated the accompanying standard errors,
Root Mean Square Error (RMSE) of the estimated path coeffi-
cients, convergence rates of the analysis approaches and the
obtained model fit. For evaluating the standard errors, we
compute the percentage relative bias. Root Mean Square
Error is a measure that can be used to compare the bias and

precision of estimated path coefficients [ across conditions
and methods, given as RMSE = \/ﬁ xS (B - B)%!

where values closer to zero are better. Model fit will be eval-
uated in terms of exact fit and approximate fit. Exact fit is
rejected or not rejected based on the y2-test statistic and asso-
ciated p value. Approximate fit is assessed through the
RMSEA value, by evaluating the null hypothesis for close
fit Hy : RMSEA < .05.

3. Expectations

In terms of parameter estimates, we expected the methods
that explicitly model within-study level estimates (i.e., par-
tially saturated model, two-level model, OSMASEM and
MVMA) to closely reproduce the within-study level popula-
tion values. Based on earlier described studies, we expected
the cluster-robust single-level estimates to differ from the
within-study level population values.

Based on prior simulations, we expected that small
study-level sample sizes can be problematic for convergence
in multilevel modeling approaches (Hox & Maas, 2001)
such as the partially saturated and two-level path model, as
well as for correlation-based MASEM approaches such as
OSMASEM (Jak & Cheung, 2020).

In terms of exact model fit, one would expect a rejec-
tion rate based on the x? statistic in 5% of the replications
(equal to the employed criterion for o) for a correctly

“0r, equivalently: \/(B — B)? + VAR(P)

specified model. Given that the data-generating mechanism
is a two-level model, we expected close fit to hold when
fitting any of the two-level models. Even though the data-
generating mechanism is two-level, we still expect similar
rejection rates for exact fit with OSMASEM. This is despite
the fact that this approach lacks between-study level,
because it operates on the correlation matrices of each of
the primary studies. Therefore, study-level averages are not
part of the model and differences between study-level aver-
ages are not modeled. In a sense, that makes OSMASEM
comparable to the partially saturated model, where there is
no structural model at the between-study level, only a
saturated covariance matrix. In terms of close or approxi-
mate fit, we would expect close fit rejected in 0% of repli-
cations based on the RMSEA, because we fit the same
path model to the data that was used in the data
generation.

4. Results
4.1. Convergence Rates

The convergence rates of the models under different condi-
tions across the analysis approaches are shown in Table 6. In
conditions with low convergence rates (less than 500 con-
verged replications) results are not interpreted and compared.
The convergence issues occurred in conditions with low num-
bers of primary studies and missing data for the multilevel
modeling approaches. This partly corresponds with expecta-
tions because the number of studies under the k=10

Table 6. Convergence rates across conditions for the different IPD MASEM
approaches.

Structural
Missingness equality ICC k CR PS 2L OSMASEM
No missing ¥ # Xy Small 10 100 938 98.6 100
data 30 100 100 100 100
50 100 100 100 100
Medium 10 100 100 100 100
30 100 100 100 100
50 100 100 100 100
Large 10 100 999 100 100
30 100 100 100 100
50 100 100 100 100
g =2y Llarge 10 100 100 100 100
30 100 100 100 100
50 100 100 100 100
Missing data ~ Xp # Xy  Small 10 100 00 270 100
30 100 100 100 100
50 100 100 100 100
Medium 10 100 00 66.2 100
30 100 100 100 100
50 100 100 100 100
Large 10 100 0.0 825 100
30 100 100 100 100
50 100 100 100 100
g =2y Llarge 10 100 0.0 851 100
30 100 100 100 100
50 100 100 100 100

Note. ICC=Intraclass Correlation Coefficient; k = cluster-level sample size;
CR=Cluster-robust single-level model; PS=Partially saturated model;
2L =Two-level model; OSMASEM = One-stage MASEM. Estimation in the
(second stage of the) MVMA approach does not involve an algorithm that
does or does not reach convergence and is therefore omitted from this table.



conditions is smaller than the number of estimated parame-
ters at the between-study level of the two-level models. There
is a difference, however, among the small cluster-level sample
size conditions, between those with and without missing data.
In the case of missing data, lavaan, switches to a different
estimation algorithm that fails to converge more often than
the default algorithm that is used without missing data. In the
presentation of the results for the path coefficients, standard
errors, and model fit, no results are presented for the
approaches under conditions with convergence rates below
50% (500 out of 1,000 replications).

4.2. Path Coefficients

Figure 2 shows the mean estimates of all the converged replica-
tions for direct effect of attitudes on intentions and the direct
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effect of intentions on behavior, respectively. Similar plots for the
remaining paths are provided in the supplementary materials.

The figure shows that for the methods that estimated specific-
ally within-study level path coefficients, the mean estimated path
coefficients very closely reproduced the within-study level popu-
lation values. The estimated within-study level path coefficients
from the partially saturated model should be equal to those from
the multilevel model, which can be seen confirmed in the figures.
It should be noted that results for these approaches are missing
in the k = 10 conditions because of convergence problems. In
several conditions, the mean estimated path coefficients for the
cluster-robust single-level were found to deviate substantially
from the population values of the within-study level path coeffi-
cients. The estimates from the multilevel approaches, multivari-
ate meta-analysis and OSMASEM all appear quite robust in all
of the conditions that were tested.
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Figure 2. Mean estimated direct effect of (A) intentions on behavior, and (B) Perceived behavioral control on behavior across conditions per analysis approach.
Note. Grid columns show X/ICC scenario’s. Rows indicate presence of missing data. Red dashed horizontal lines indicate population values for within-study level
(Beh, int = 007, Byen, pbc = 0.53). Blue dotted horizontal lines indicate population values for between-study level (Buen, ine = 0.9, Bpen, pbc = 0.03). Purple solid
lines represent overlapping blue and red lines. ICC = Intraclass Correlation Coefficient; MVMA = Multivariate meta-analysis; OSMASEM = One-Stage MASEM
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In the left-most columns, representing the scenario of
unequal matrices and low ICC, the deviation between the
cluster-robust single-level estimate and the within-study
level population value was found to be negligible.
However, when the ICC increases, as was the case in sce-
nario two (medium ICC) and three (large ICC), the single-
level estimates start to deviate increasingly from the
within-study level population values. That is, when the
between-study level population value is larger than the
within-study level population value, the single-level esti-
mate moves towards the between-study level population
value, increasingly with the ICC. In the right-most col-
umn, representing scenario with equal matrices (and large
ICC), the results show that the cluster-robust single-level
model produces estimates similar to those from the other
approaches. For the other path coefficient, similar results
were observed (see).

4.3. Root Mean Square Error

We calculated the Root Mean Square Error (RMSE) of each
estimated path in each condition for every analysis
approach. Figure 3 contains the results for one of the esti-
mated paths. Figures containing the remaining results can
be found in the supplementary materials. The RMSE values
for the multilevel models, MVMA, and OSMASEM were all
indistinguishably small. The RMSE values of the cluster-
robust single-level model were much larger. Larger RMSE
values were found in conditions with larger ICC values,
either with equal or unequal ¥ matrices.

4.4, Standard Error Bias

Table 7 shows the bias in the estimated standard errors
across methods and conditions for one of the estimated

Unequal %, small ICC Unequal %, medium ICC Unequal Z, large ICC Equal Z, large ICC
0.3 4 0.3 0.3 0.3
0.2 3 027 3 027 3 02 3
5 E ; ] | E
@ @ \_" @ @
0.1 014 — 0.1 014 \
Method
7 2 Cluster-robust
M. — — — — | e— gy
oo 0.0 0.0 0.0 ® wma
2 A osvasEm
0.34 0.3 0.34 0.3
‘ Partially Saturated
Two-level Within
0.2+ 3 0.2+ 3 024 3 024 3
3 3 3 ES
S 5 ] 5
@ @ .\ﬁ*—] @ o2 @
0.14 0.1 i< 0.1 0.1 \
0ol BE==e—uy 00l EB—gn oy 00l EB—gb g 0o EB—en o
K10 k30 k.50 k10 k30 k50 K10 k30  K_50 k10 k30 k50
factor(Clusters) factor(Clusters) factor(Clusters) factor(Clusters)
Unequal %, small ICC Unequal %, medium ICC Unequal , large ICC Equal Z, large ICC
0.34 0.3 0.34 —a—a 0.3
0.2+ 3 029 3 029 3 027 3
5 = 5 5 5
@ @ @ R @
0.1 0.1 0.14 0.1 L
Method
E—iE—= Cluster-robust
Woo 0.0 0.0 0.0 ® wma
& A
0.34 0.34 0.34 ——a— 0.3 OSMASEM
@ Partially Saturated
Two-level Within
0.2 3 024 3| 0.2+ 3 0.2 3
3 3 3 3
a a a3 a
0.1 0.1 0.14 0.1
0.0 H—A 0.04 “H 0.04 ‘_"—‘ 0.04 ‘—H
k10 k30 k.50 k10 k30 k.50 k10 k30 k.50 k10 k30 k.50

Figure 3. Root mean square error of parameter estimates for (A) Bjy; 5 and (B) Byen ppe across conditions per analysis approach. Note. ICC= Intraclass Correlation
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Table 7. Percentage bias in standard errors for B, . across conditions for the different IPD MASEM approaches.

Missingness Structural equality ICC k NP CR PS 2L-W OSMASEM MVMA
No missing data g £ Xy Small 10 —39.04 —11.87 435 434 2.71 4.00
30 —42.31 —5.63 —2.02 —2.02 —2.93 —2.51

50 —42.38 -1.75 —0.42 —0.42 —2.82 -1.07

Medium 10 —86.52 —26.10 0.38 0.38 0.61 -0.13

30 —86.06 —7.83 0.90 0.90 0.88 0.46

50 —86.81 —5.25 -3.76 -3.76 —4.73 —4.38

Large 10 —91.74 —28.32 0.77 0.77 -1.71 0.30

30 —91.66 —12.85 0.17 0.17 1.72 —0.35

50 —-91.84 -5.29 -3.16 -3.16 -3.16 —-3.83

g =2y Large 10 —92.30 —26.97 4.14 4.14 3.37 3.28

30 —92.74 —14.36 —2.02 —2.02 —-1.43 —2.61

50 —92.98 —8.46 1.42 1.42 0.07 0.76

Missing data g £ Xy Small 10 —35.18 —15.14 -2.87 -3.01
30 —41.38 —6.34 2.55 2.55 —-0.43 —1.28

50 —43.26 -8.14 —1.94 -1.94 —0.24 —0.68

Medium 10 —85.16 —37.75 5.36 1.79 1.18

30 —86.27 —14.18 -0.29 -0.29 1.53 —0.98

50 —86.16 —10.06 1.57 1.58 0.96 —0.87

Large 10 —90.60 —41.04 —-0.49 0.21 0.03

30 —91.82 —19.21 —2.67 —2.67 0.05 —-1.40

50 —91.75 —14.48 —3.55 —3.55 —0.64 -1.21

g =2y Large 10 —91.36 —41.68 —4.47 0.95 —-1.81

30 —92.66 —19.60 1.96 1.96 1.76 1.16

50 —92.83 —15.59 —-1.82 —1.82 3.58 2.75

Note. ICC =Intraclass Correlation Coefficient; k = cluster-level sample size; NP = Naive pooling; CR = Cluster-robust single-level model; PS = Partially saturated
model; 2 L-W =Two-level model, within-study level estimates; OSMASEM = One-stage MASEM. Values represent relative bias in percentages m“c—"b“" x 100. Bold
values exceed the threshold of acceptable bias set at 10%. Empty cells occur when convergence rate in condition was too low to compute bias.

paths of the evaluated model. Bias was found to be within
the acceptable range of 10% throughout the chosen condi-
tions for each of the analysis approaches, with the exception
of the cluster-robust single-level model, where values were
found up to five times larger than acceptable. The standard
errors of the path coefficients obtained from the cluster-
robust single-level model were under-estimated in most con-
ditions, with increasing bias in conditions with missing data
or smaller number of studies. The same situation was
observed when looking at the results for the bias in standard
errors for the additional path coefficients (see supplemen-
tary materials).

4.5. Model Fit

Table 8 shows the rejection rates of the models based on
the %2 test of exact fit for all methods except MVMA
(because this method does not provide fit measures of the
meta-analytic path model). Considering the o criterion, and
accounting for sampling error’, one would expect the per-
centages rejection of close fit in the range of 3.6% to 6.4%
of replications. Fitting a single-level model on the combined
raw data of all primary studies (naive pooling) leads to
almost ineludible rejection of exact fit, due to ignoring the
dependency. Results for a naive pooling single-level model
are added to illustrate the correction of the y>-statistic that
takes place in the cluster-robust approach.

Regardless of the correction of the y? statistic, the rejec-
tion rates for the cluster-robust single-level path model still
exceed the expected level for a correctly specified model in
every condition. The results further show that the rejection

(p(1-p)

spil%x/f, where p is the selected o criterion of .05 and the number

of replications n = 1000

Table 8. Rejection rates based on y? test of exact fit across conditions and
analysis approaches.

Structural
Missingness  equality ICC k NP CR PS 2L OSMASEM
No missing Xz # Xy Small 10 3590 21.00 5.65 19.88 5.60
data 30 4430 16.10 4.90 7.60 5.00
50 5260 1430 6.10 7.20 5.70
Medium 10 97.20 28.20 6.20 20.00 6.00
30 98.00 2990 5.20 7.90 4.90
50 9790 2990 530 6.80 5.40
Large 10 98.10 25.00 4.80 17.70 4.80
30 98.10 23.60 570 7.70 5.50
50 98.70 19.60 4.70 6.00 4.70
2p =2y Large 10 9850 2540 5.60 16.50 6.30
30 99.10 19.10 5.70 7.80 5.60
50 9890 1470 3.80 5.70 3.70
Missing X # Xy Small 10 3220 20.00 5.10
data 30 40.00 17.10 4.60 10.40 4.50
50 42.10 1540 5.00 8.00 5.20
Medium 10 9530 18.70 88.67 5.70
30 9790 27.80 4.50 13.10 4.70
50 9840 30.10 430 6.80 4.70
Large 10 96.60 16.10 94.55 5.20
30 97.20 23.20 5.40 10.50 5.50
50 97.60 24.00 5.60 8.60 5.40
2p =2y Large 10 97.20 15.10 96.59 4.90
30 98.70 27.80 6.50 12.70 6.50
50 98.80 22.10 430 7.20 4.50

Note. ICC=Intraclass Correlation Coefficient; k = cluster-level sample size;
NP = Naive pooling single-level model; CR = Cluster-robust single-level model;
PS = Partially saturated model; 2L =Two-level model; OSMASEM = One-stage
MASEM. Values represent exact fit rejection rates p < o in percentages. Empty
cells occur when convergence rate in condition was too low to compute rejec-
tion rates.

rate approaches the o criterion for the partially saturated
model is very close the selected level of o throughout the
conditions. For the two-level model, the rejection rates
approach the selected o criterion when the cluster level sam-
ple sizes are large enough. With smaller numbers of primary
studies, the two-level model is rejected too often. In condi-
tions with missing data and small number of studies the
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Table 9. Rejection rates based on RMSEA test for close fit across conditions and analysis approaches.

Missingness Structural equality ICC k NP CR PS 2L OSMASEM
No missing data X # Xy Small 10 0.00 10.30 0.10 0.00 0.00
30 0.00 0.00 0.00 0.00 0.00
50 0.00 0.00 0.00 0.00 0.00
Medium 10 71.40 20.60 0.00 0.00 0.00
30 62.80 1.40 0.00 0.00 0.00
50 53.80 0.20 0.00 0.00 0.00
Large 10 78.80 25.00 0.00 0.00 0.00
30 65.10 1.20 0.00 0.00 0.00
50 53.80 0.00 0.00 0.00 0.00
X =2y Large 10 81.30 23.10 0.00 0.00 0.00
30 69.90 1.00 0.00 0.00 0.00
50 55.50 0.10 0.00 0.00 0.00
Missing data X # Xy Small 10 1.20 18.90 0.00
30 0.00 0.60 0.00 0.00 0.00
50 0.00 0.10 0.00 0.00 0.00
Medium 10 72.90 49.50 0.00 0.00
30 66.20 7.80 0.00 0.00 0.00
50 64.70 3.80 0.00 0.00 0.00
Large 10 82.20 56.30 0.00 0.00
30 73.70 9.30 0.00 0.00 0.00
50 67.90 3.50 0.00 0.00 0.00
X =2y Large 10 85.00 60.90 0.00 0.00
30 78.00 10.00 0.00 0.00 0.00
50 75.00 3.60 0.00 0.00 0.00

Note. ICC=Intraclass Correlation Coefficient; k

cluster-level sample size; NP =Naive pooling single-level model;

CR = Cluster-robust single-level model; PS = Partially saturated model; 2 L = Two-level model; OSMASEM = One-stage MASEM.
Values represent percentage of replications where close fit (Hy : RMSEA < 0.05) was rejected based on RMSEA p-values
(prmsea > 0.05). Empty cells occur when convergence rate in condition was too low to compute rejection rates.

rejection rates are even larger than .80. For the partially
saturated model and for OSMASEM the rejection rates fall
within the confidence interval around the selected o criter-
ion in all conditions.

Results for the evaluation of RMSEA-based close fit are
reported in Table 9). For OSMASEM, the two-level model
and the partially saturated model, close fit was rejected in
no more than 0.1% of the replications in any condition. For
the cluster-robust method, however, close fit was rejected in
up to 60% of the replications. Rejection of close fit occurred
mostly when cluster-level sample sizes were small, and there
was missing data. Increasing ICC values corresponded with
larger rejection rates.

5. Discussion

We set out to answer the question when single-level path
coefficients reflect within-study level path coefficients that
are usually the interest of meta-analysis. The findings of this
study do not support the notion that single-level estimates
are similar (enough) to within-study estimates. Therefore,
the design-based approach is not functionally equivalent to
a model-based approach. Based on these findings we recom-
mend using a model-based approach when answering the
research question involves interpreting within-study level
parameters.

In this study, we investigated the performance of differ-
ent analysis approaches for evaluating a path model in
meta-analytic context. We used simulations to evaluate the
behaviors of five different modeling approaches in regards
to estimated path coefficients, standard errors, and model
fit. Generally, it can be concluded that the cluster-robust
single-level can not be recommended. Single-level path

coefficients did not reflect the within-study level population
values in most conditions. Biases in standard errors were
found to exceed thresholds of acceptability exclusively for
the cluster-robust single-level model, despite the correction
method that is at the core of this analysis approach. Model
fit was rejected far more often than the nominal alpha level,
which was not the case for other approaches. We will elab-
orate on these findings below, and discuss some limitations
of this study, recommendations for applied researchers, and
suggestions for future studies into methods for IPD
MASEM.

5.1. Within versus Between-Level Estimates

Intuitively, one might expect that the single-level estimates
would fall somewhere in between the within-study and
between-study level estimates. In our study, thus was indeed
the pattern that we observed. However, this is not always
the case because the single-level bivariate correlation coeffi-
cient is a weighted sum (weighted by the ICC and cluster-
size), rather than an average of the within-study level and
between-study level coefficients (Hamaker, 2024). Path coef-
ficients are often a complex function of several bivariate
correlation coefficients, so they may behave even more
erratic than the bivariate correlations.

5.2. When Are Cluster-Robust Single Level Models in IPD
MASEM Safe to Use?

Under a very narrow set of circumstances the use of a
single-level cluster robust model could be a tenable
approach to synthesize IPD. These circumstances would be



that there is a large number of primary studies, with little,
or no missing data. Furthermore, the variables of concern
all demonstrate very small ICC values, the researcher has no
interest in parameter estimate’s significance (SEs), the
researcher has no interest in model fit. The latter could be
the case when the researchers are fitting a saturated model.
Still, the disadvantages and limited practicality of the
cluster-robust single-level approach, make it hard to recom-
mend this analysis approach over its alternatives using
model-based adjustments for clustering.

5.3. Study-Mean Centering

A possible alternative solution to using any of the discussed
model-based methods is using study-mean centered data.
Study mean-centered data will give single-level estimates
equal to within-level estimates of two-level model, solving
the main issue that comes with single-level cluster robust
estimation. We did not evaluate this as a main approach
because we could not find examples of this method being
used in an IPD MASEM context. However, the approach
has been discussed in methodological literature (Asparouhov
& Muthén, 2019; Hamaker & Muthén, 2020; Liidtke et al,
2008). Therefore, we conducted additional analyses evaluat-
ing cluster-robust single-level modeling with study-centered
data. The detailed results can be found in the supplementary
materials. We found that, even though the method indeed
leads to within-level estimates of the path coefficients, the
bias in standard errors exceeded the acceptable threshold
when the number of studies was small and the X matrices
were equal across levels. Regarding model fit, the rejection
of exact fit based on the 2 still occurs more often than
expected based on the o criterion, and more often than for
the partially saturated model and OSMASEM.

5.4. Limitations and Future Directions

There are several limitations to this study that could be
addressed. First, there were a limited number of conditions.
While we believe these to cover the most interesting and
common scenarios that might present themselves in IPD
MASEM context, perhaps some questions remain that can-
not be answered with these simulations.

For example, we only investigated the evaluation of a
path model. Although factor models have already been
studied with similar findings, we did not study full SEM
(models with both latent and observed variables) or any
other special applications of SEM. However, we have no rea-
son to assume the single-level cluster robust model would
perform better than it did for path models or factor models
in any of these situations.

Opverall, the different model-based approaches that can be
taken when conducting IPD MASEM, performed well.
There seems to be one clear limiting factor to using most of
these methods, which is the number of studies. Future
research could focus on adapting or developing model-based
IPD MASEM approaches that can be used when the number
of primary studies with raw data is low.
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An ongoing problem in the field of evidence synthesis is
that researchers are unclear about their choice of analysis
approach or select sub-optimal procedures (M. Simmonds
et al., 2015; M. C. Simmonds et al., 2005). Examples of this
are defaulting to one-stage as opposed to two stage meta-
analysis (as noted by Riley et al., 2023), and the use of
fixed-effects instead of random-effects modeling approaches
(as noted by Wilcox & Wang, 2023). This is a phenomenon
with perhaps no better explanation than precedent set by
prior publications or lack of knowledge of other, more pref-
erable, methods (Riley et al., 2010; M. Simmonds et al.,
2015; M. C. Simmonds et al., 2005). The same can be stated
for for MASEM applications (e.g., persistent use of univari-
ate methods as opposed to multivariate methods; Jak &
Cheung, 2024). Therefore, it is important to develop a rigor-
ous methodological foundation for the further development
of IPD MASEM, now that it is still relatively in its infancy.

Warnings against interpreting single-level regression coef-
ficients in the context of nested data are not new (e.g.,
Cronbach et al., 1976; Raudenbush & Bryk, 2002). Also in
the context of evidence synthesis there are many warnings
against using single-level models to evaluate IPD see (Hua
et al., 2017; Wilcox & Wang, 2023). Based on these simula-
tions, we wish to extend this warning to IPD MASEM. Not
only are there problems with the interpretation of the par-
ameter estimates when using a cluster-robust single-level
model, but the rejection rates and standard errors also fall
outside of any acceptable thresholds.

6. Conclusion

In addition to the discouraging findings for use of the
cluster-robust single-level approach for conducting IPD
MASEM, this study has provided support for the robustness
of the other evaluated approaches. The multilevel modeling
approaches, as well as the multivariate meta-analysis, and
correlation based OSMASEM has been shown to be quite
robust in the investigated conditions. The number of studies
turned out to be an important factor, given the convergence
problems and inflated test statistics that can occur with
multilevel modeling approaches in small sample conditions.



812 (&

References

Ajzen, 1. (1991). The theory of planned behavior. Organizational
Behavior and Human Decision Processes, 50, 179-211. https://doi.
org/10.1016/0749-5978(91)90020-T

Asparouhov, T., & Muthén, B. (2019). Latent variable centering of pre-
dictors and mediators in multilevel and time-series models.
Structural Equation Modeling, 26, 119-142. https://doi.org/10.1080/
10705511.2018.1511375

Blackwell, C. K., Mansolf, M., Sherlock, P., Ganiban, J., Hotheimer,
J. A, Barone, C. J., Bekelman, T. A., Blair, C., Cella, D., Collazo, S.,
Croen, L. A, Deoni, S., Elliott, A. J.,, Ferrara, A., Fry, R. C,
Gershon, R., Herbstman, J. B., Karagas, M. R., LeWinn, K. Z,, ...
Wright, R. J.,. (2022). Youth well-being during the covid-19 pan-
demic. Pediatrics, 149, €2021054754. https://doi.org/10.1542/peds.
2021-054754

Campos, D. G., Cheung, M. W.-L., & Scherer, R. (2023). A primer on
synthesizing individual participant data obtained from complex sam-
pling surveys: A two-stage IPD meta-analysis approach. Psychological
Methods, 30, 83-111. https://doi.org/10.1037/met0000539

Cheung, M. W.-L. (2015). metasem: An R package for meta-analysis
using structural equation modeling. Frontiers in Psychology, 5,
01521. https://www.frontiersin.org/articles/10.3389/fpsyg.2014.01521/
full https://doi.org/10.3389/fpsyg.2014.01521

Cronbach, L. J., Deken, J. E., & Webb, N. (1976). Research on class-
rooms and schools: Formulation of questions, design and analysis.
Stanford Evaluation Consortium.

Groot, L., Kan, K, & Jak, S. (2024). Checking the inventory:
Ilustrating different methods for individual participant data meta-
analytic structural equation modeling. Research Synthesis Methods,
15, 872-895. https://doi.org/10.1002/jrsm.1735

Hagger, M. S., Cheung, M. W.-L., Ajzen, I, & Hamilton, K. (2022).
Perceived behavioral control moderating effects in the theory of
planned behavior: A meta-analysis. Health Psychology, 41, 155-167.
https://doi.org/10.1037/hea0001153

Hamaker, E. L. (2024). The curious case of the cross-sectional correl-
ation. Multivariate Behavioral Research, 59, 1111-1122. https://doi.
org/10.1080/00273171.2022.2155930

Hamaker, E. L., & Muthén, B. (2020). The fixed versus random
effects debate and how it relates to centering in multilevel model-
ing. Psychological Methods, 25, 365-379. https://doi.org/10.1037/
met0000239

Hox, J. J. (2002). Multilevel Analysis: Techniques and Applications.
Lawrence Erlbaum Associates.

Hox, J. J., & Maas, C. J. (2001). The accuracy of multilevel structural
equation modeling with pseudobalanced groups and small samples.
Structural Equation Modeling, 8, 157-174. https://doi.org/10.1207/
S15328007SEM0802_1

Hox, J. J., Moerbeek, M., & van de Schoot, R. (2018a). Assumptions
and robust estimation methods. In Multilevel analysis: Techniques
and applications (3rd ed.). Routledge.

Hox, J. J., Moerbeek, M., & van de Schoot, R. (2018b). Multilevel ana-
lysis: Techniques and applications (3rd ed.). Routledge.

Hua, H., Burke, D. L., Crowther, M. J., Ensor, J., Tudur Smith, C., &
Riley, R. D. (2017). One-stage individual participant data meta-
analysis models: Estimation of treatment-covariate interactions must
avoid ecological bias by separating out within-trial and across-trial
information. Statistics in Medicine, 36, 772-789. https://doi.org/10.
1002/sim.7171

Huh, D, Li, X,, Zhou, Z., Walters, S. T., Baldwin, S. A., Tan, Z,
Larimer, M. E., & Mun, E.-Y. (2022). A structural equation model-
ing approach to meta-analytic mediation analysis using individual

participant data: Testing protective behavioral strategies as a medi-
ator of brief motivational intervention effects on alcohol-related
problems. Prevention Science: The Official Journal of the Society for
Prevention Research, 23, 390-402. https://doi.org/10.1007/s11121-
021-01318-4

Jak, S., & Cheung, M. W.-L. (2020). Meta-analytic structural equation
modeling with moderating effects on SEM parameters. Psychological
Methods, 25, 430-455. https://doi.org/10.1037/met0000245

Jak, S., & Cheung, M. W.-L. (2024). A cautionary note on using uni-
variate methods for meta-analytic structural equation modeling.
Advances in Methods and Practices in Psychological Science, 7,
25152459241274249. Retrieved from  https://doi.org/10.1177/
25152459241274249

Lidtke, O., Marsh, H. W., Robitzsch, A., Trautwein, U., Asparouhov,
T., & Muthén, B. (2008). The multilevel latent covariate model: A
new, more reliable approach to group-level effects in contextual
studies. Psychological Methods, 13, 203-229. https://doi.org/10.1037/
a0012869

Maas, C. J., & Hox, J. J. (2005). Sufficient sample sizes for multilevel
modeling. Methodology, 1, 86-92. https://doi.org/10.1027/1614-2241.
1.3.86

Meuleman, B., & Billiet, J. (2009). A Monte Carlo sample size study:
How many countries are needed for accurate multilevel SEM?
Survey Research Methods, 3, 45-58.

Muthén, B. O., & Satorra, A. (1995). Complex sample data in struc-
tural equation modeling. Sociological Methodology, 25, 267-316.
http://www.jstor.org/stable/271070 https://doi.org/10.2307/271070

R Core Team. (2020). R: A language and environment for statistical
computing. R Foundation for Statistical Computing.

Raudenbush, S. W., & Bryk, A. S. (2002). Hierarchical linear models:
Applications and data analysis methods (Vol. 1). Sage.

Ray, A. E., Kim, S.-Y., White, H. R., Larimer, M. E., Mun, E.-Y,,
Clarke, N, Jiao, Y., Atkins, D. C., & Huh, D. (2014). When less is
more and more is less in brief motivational interventions:
Characteristics of intervention content and their associations with
drinking outcomes. Psychology of Addictive Behaviors, 28, 1026-
1040. https://doi.org/10.1037/a0036593

Riley, R. D., Ensor, J., Hattle, M., Papadimitropoulou, K., & Morris, T. P.
(2023). Two-stage or not two-stage? that is the question for IPD
meta-analysis projects. Research Synthesis Methods, 14, 903-910.
https://onlinelibrary.wiley.com/doi/abs/10.1002/jrsm.1661 https://doi.
0rg/10.1002/jrsm.1661

Riley, R. D., Jackson, D., & White, I. R. (2021). Multivariate meta-
analysis using IPD. In R. D. Riley, D. Jackson, & I. R. White (Eds.),
Individual participant data meta-analysis: A handbook for healthcare
research (pp. 311-346). Wiley & Sons Ltd.

Riley, R. D., Lambert, P. C., & Abo-Zaid, G. (2010). Meta-analysis of
individual participant data: Rationale, conduct, and reporting. BMJ
(Clinical Research ed.), 340, c221-c221. https://doi.org/10.1136/bmj.
c221

Rosseel, Y. (2012). lavaan: An R package for structural equation model-
ing. Journal of Statistical Software, 48, 1-36. https://doi.org/10.
18637/js5.v048.102

Simmonds, M., Stewart, G., & Stewart, L. A. (2015). A decade of indi-
vidual participant data meta-analyses: A review of current practice.
Contemporary Clinical Trials, 45, 76-83. https://doi.org/10.1016/j.cct.
2015.06.012

Simmonds, M. C., Higgins, J. P., Stewart, L. A., Tierney, J. F., Clarke, M. J.,
& Thompson, S. G. (2005). Meta-analysis of individual patient data
from randomized trials: A review of methods used in practice. Clinical
Trials, 2, 209-217. https://doi.org/10.1191/1740774505cn0870a

Stapleton, L. M., Yang, J. S., & Hancock, G. R. (2016). Construct meaning
in multilevel settings. Journal of Educational and Behavioral Statistics,
41, 481-520. https://doi.org/10.3102/1076998616646200

Stewart, L. A., & Tierney, J. F. (2002). To IPD or not to IPD? advan-
tages and disadvantages of systematic reviews using individual



patient data. Evaluation & the Health Professions, 25, 76-97. https://
doi.org/10.1177/0163278702025001006

Venables, W. N., & Ripley, B. D. (2002). Modern applied statistics with
S (4th ed.). Springer. https://www.stats.ox.ac.uk/pub/MASS4/

Viechtbauer, W. (2010). Conducting meta-analyses in R with the meta-
for package. Journal of Statistical Software, 36, 1-48. https://doi.org/
10.18637/js5.v036.i03

White, H. (1984). Asymptotic theory for econometricians. Academic press.

813

Wilcox, K. T., & Wang, L. (2023). Modeling approaches for cross-
sectional integrative data analysis: Evaluations and recommendations.
Psychological ~ Methods, 28, 242-261. https://doi.org/10.1037/
met0000397

Wu, J.-Y., & Kwok, O-m (2012). Using sem to analyze complex survey
data: A comparison between design-based single-level and model-
based multilevel approaches. Structural Equation Modeling, 19, 16-
35. https://doi.org/10.1080/10705511.2012.634703



	Does Cluster-Robust Estimation Provide Within-Study Effects? A Comparison ofIndividual Participant Data Methods in MASEM
	Abstract
	Current Study
	Analysis Approaches
	Cluster-Robust Single Level Model
	Partially Saturated or Maximum Model
	Two-Level Path Model
	Multivariate Meta-Analysis of Path Coefficients
	One-Stage MASEM

	Data Generation
	Manipulated Factors
	Structural Equality and Intraclass Correlation
	Scenario 1: Unequal Σ Matrices and Low ICC
	Scenario 2: Unequal Σ Matrices and Medium ICC
	Scenario 3: Unequal Σ Matrices and High ICC
	Scenario 4: Equal Σ Matrices and High ICC

	Number of Primary Studies
	Missingness

	Overview of the Simulation Study

	Evaluation Criteria
	Expectations
	Results
	Convergence Rates
	Path Coefficients
	Root Mean Square Error
	Standard Error Bias
	Model Fit

	Discussion
	Within versus Between-Level Estimates
	When Are Cluster-Robust Single Level Models in IPD MASEM Safe to Use?
	Study-Mean Centering
	Limitations and Future Directions

	Conclusion
	Disclosure statement
	Funding
	Orcid
	Data availability statement
	References


