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ABSTRACT 
Meta-analytic structural equation modeling (MASEM) techniques are increasingly common tools to syn
thesize data across multiple studies. One popular approach is two-step MASEM, where study correl
ation matrices are pooled in a first stage using either a fixed- or random-effects model, to then fit one 
or multiple structural equation models onto the pooled correlation matrix in a second stage. In a 
simulation study, we examined the performance of different fit criteria and resulting parameter esti
mates under both random- and fixed-effects pooling when fitting a three-factor CFA model to study 
populations that were partly misspecified. We discuss benefits and issues when using a random-effects 
model in this scenario and discuss future research directions regarding correlation matrix heterogen
eity when using MASEM methods.
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Meta-analytic structural equation modeling (MASEM) uses 
various statistical techniques to combine structural equation 
modeling (SEM) with meta-analytic approaches. It can be 
used to synthesize correlation or covariance matrices across 
different studies to then fit structural equation models on 
the pooled correlation or covariance matrix. In that way, 
MASEM is extending the advantages of structural equation 
modeling (e.g., flexibility of modeling structure, modeling 
multiple outcomes, estimation of latent variables, assessment 
of measurement error) beyond single datasets, allowing for 
more powerful and generalizable applications. Common 
MASEM approaches involve two analysis stages. In the first 
stage, correlation or covariance matrices from different stud
ies are pooled to create an average correlation matrix. This 
matrix is then used to fit structural equation models in the 
second analysis stage (Cheung, 2015).

When analyzing data using MASEM in this way, a 
researcher has to decide between using a fixed- or a ran
dom-effects model. Fixed-effects models assume that studies 
share a common population effect size, or that all study- 
level influences causing effect size variation are known and 
can be statistically adjusted for, while random-effects models 
allow variation of effect sizes across studies (Valentine et al., 
2022). A random-effects model is commonly recommended 
as the assumption of common effect sizes is often conceived 
as too strict and unrealistic when combining studies of dif
ferent origin, design and quality (Borenstein et al., 2010). 
Despite their limitations, fixed-effects models can still be 
applied meaningfully to meta-analytic research. Even with 
effect size heterogeneity, fixed-effects models estimate a 

common effect shared by different individual study popula
tions. This estimated common effect has been shown to 
have good statistical properties even without assuming effect 
size homogeneity (Rice et al., 2018).

Apart from the decision between a fixed-effects and a 
random-effects model in stage one based on theoretical 
grounds, researchers can also use study-level moderators to 
account for heterogeneity between different studies (Jak & 
Cheung, 2018b). When moderator variables are available, 
the data can be split up into subgroups in which specific 
MASEM assumptions (i.e., homogeneity for fixed-effects) do 
hold. By accounting for these moderators, fixed-effects mod
els can then be applied to subsets of the original data. A 
more recent approach is to conduct MASEM analyses in 
one single step, which has been implemented in an easy to 
access web application (Jak et al., 2021). This allows a direct 
and user-friendly way to do MASEM analyses with the 
benefit of using continuous study-level variables (Jak & 
Cheung, 2018b). Results from both the one-step and two- 
step approaches are similar in many cases (Jak & Cheung, 
2020) with one-step MASEM providing a flexible framework 
to test continuous moderator hypotheses, while two-step 
MASEM allows the assessment of correlation matrix hetero
geneity within a dedicated and separate analysis step.

We focus on the two-step approach implemented in the 
metaSEM package available for R (Cheung, 2015). At the 
first stage, individual study correlation matrices are pooled 
using multiple group SEM. The resulting average 
(or pooled) correlation matrix is then used to fit a specific 
structural equation model in stage two. Homogeneity of 

� 2024 The Author(s). 
This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial-NoDerivatives License (http://creativecommons.org/licenses/by-nc-nd/4. 
0/), which permits non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited, and is not altered, transformed, or built upon in 
any way. The terms on which this article has been published allow the posting of the Accepted Manuscript in a repository by the author(s) or with their consent.

STRUCTURAL EQUATION MODELING 
2025, VOL. 32, NO. 2
ISSN: 1070-5511 | E-ISSN: 1532-8007



individual study correlation matrices, corresponding to 
equality constraints between studies, can be assessed by 
goodness-of-fit indices available in metaSEM alongside the 
pooled stage one correlation matrix.
Fit indices used in MASEM analyses differ in their assump
tions and implications (Jak, 2015). The chi-squared test 
assumes that homogeneity strictly holds for the whole popu
lation. This null model of homogeneity can be tested with a 
chi-squared test and its associated p value. When fitting a 
large SEM (i.e., many manifest variables) to comparatively 
small sample sizes, the chi-squared statistic is known to be 
positively biased, resulting in type I error inflation. This is 
known as the model size effect (Shi et al., 2019). Another 
potential issue when assessing heterogeneity in stage one 
with the chi-squared statistic is rejecting the strict null 
hypothesis of homogeneity even under negligible amounts 
of heterogeneity or misspecification, so researchers might 
want to supplement these results with other fit indices also 
available in the metaSEM package instead of only relying 
on one single statistical test.
Indices of approximate fit like the root mean squared error 
of approximation (RMSEA; see Browne & Cudeck, 1992) 
relax the strict assumption of homogeneity in the whole 
population to only an approximate fit of the fixed effect 
model. In that sense, we assume homogeneity to not exactly 
hold when relying on such approximative indices, even 
when using a fixed-effects model. Instead, we assume that 
the population is sufficiently close to the conditions of a 
fixed-effects analysis being met. It is the researcher’s deci
sion which amount of heterogeneity and its associated 
amount of parameter bias are still acceptable while using a 
fixed-effects model. The RMSEA is evaluating the model 
misfit per degrees of freedom. Within the OpenMx func
tions used by the metaSEM package, the RMSEA is calcu
lated as 

dRMSEA ¼
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where v2
T is the chi-square statistic value of the target 

model, n is the overall sample size and dfT are the degrees 
of freedom of the target model.

The standardized root mean square residual (SRMR) 
quantifies the average discrepancy between the model- 
implied correlation matrix and the sample correlation 
matrix. The closer the candidate model corresponds to the 
true data generating model, the closer the model-implied 
correlation matrix will be to the sample correlation matrix. 
The SRMR for a covariance structure analysis is calculated 
as
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where sij and r̂ij are elements of the sample covariance 
matrix and the model-implied covariance matrix, 
respectively.

The comparative fit index (CFI) quantifies the proportion 
reduction when comparing the chi-square values of the 
baseline model and a target model and is bounded between 
0 and 1. A value bigger than .95 is considered indicating 
good fit (Hu & Bentler, 1999). The CFI is calculated as

CFI ¼ 1 −
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for the chi-square test statistics and degrees of freedom of 
the baseline model ðv2

B, dfBÞ and a target model (v2
T , dfT). 

The magnitude of CFI values is related to observed correla
tions, with lower correlations leading to a lower CFI value, 
thus preferring the baseline model. For that reason, previous 
research does not expect the CFI to be helpful in assessing 
stage one heterogeneity (Jak, 2015).

While there is a substantial amount of research on fit 
indices in SEM applications (Hu & Bentler, 1999), simula
tion studies evaluating their performance in specific 
MASEM settings are comparatively sparse. Previous simula
tion research has evaluated use cases such as the general 
performance of fixed-effects MASEM with missing correl
ation coefficients (Jak & Cheung, 2018a) and a general com
parison of one- and two-step MASEM approaches using a 
two-factor CFA model (Jak & Cheung, 2020). Our study 
adds to existing research by focusing on additional hetero
geneity caused by misspecified models that might be missed 
by researchers when analyzing their data.

In our study, different population models holding for 
two subpopulations cause additional variation in study cor
relation matrices and factor loadings. In absence of a mod
erator explaining these differences, there is a practical 
choice between using a fixed-effects model and treating pos
sible violations of assumptions as negligible on one hand 
and using a random-effects model to estimate variability on 
the other. The present study evaluated the performance of 
stage one fit indices for assessing correlation matrix hetero
geneity and parameter bias resulting from both a fixed- or 
random-effects pooled correlation matrix for testing a struc
tural equation model in stage two.

Methods

Simulation Design

Baseline Model
All datasets were generated from a three-factor CFA model 
with three indicators per latent factor (Figure 1). Main load
ings were set to (0.4, 0.5, 0.6) for each factor, with latent 
factors having a correlation of 0.3. These loadings represent 
an order of magnitude regularly encountered in psycho
logical studies, e.g., personality research (Church & Burke, 
1994; Haynes et al., 2000).

Sample Sizes
We varied the number of studies in the simulated meta- 
analyses NS ¼ (12, 24, 48) as well as individual sample size 
(i.e., number of observations) in each study NO ¼ (125, 250, 
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500) to provide insight into typical use cases and more opti
mistic cases where larger samples are available.

Heterogeneity
Baseline effect size heterogeneity was simulated for each 
individual study’s underlying population by sampling factor 
loadings from a normal distribution centered around the 
population grand mean with a standard deviation of 0:05:
The resulting study population correlation matrices were 
used to simulate correlation matrices for individual studies.

In addition to this underlying effect size variability, we 
added heterogeneity on a model specification level by gener
ating a percentage of datasets within a meta-analysis from 
another population model with one, two or three cross-load
ings added (all of size 0.3). The percentage of datasets 
within a meta-analysis being generated from the baseline 
model was set to two levels (50%, 75%). We also simulated 
a baseline condition without cross-loadings (i.e., one single 
population model with no misspecifications).

Analysis

Stage One

All analyses were performed using R Statistical Software 
(V4.3.0; R Core Team, 2023). Simulated correlation matrices 
were pooled and analyzed using both the fixed-effects and 
random-effects settings of the tssem1() function from the 
metaSEM package (V1.3.1; Cheung, 2015). The assumption 
of correlation matrix homogeneity after fitting a stage one 
fixed-effects model was assessed with a chi-square statistic 
testing the strict null hypothesis of correlation matrix homo
geneity, as well as commonly used fit indices (RMSEA, 
SRMR, CFI). We used common guidelines and rules of 
thumb as cutoffs for both the chi-square test and fit indices. 
Although this heuristic approach has been criticized (Hu & 

Bentler, 1999; Nye & Drasgow, 2011; Schermelleh-Engel 
et al., 2003), rules of thumb remain common practice in 
applied SEM research and should be evaluated accordingly.

Stage Two

For the second TSSEM stage, a correlated three-factor 
model without any misspecification (i.e., no cross-loading 
misspecifications) was fitted to the pooled correlation matri
ces from stage one using the tssem2() function from the 
metaSEM package. This corresponds to fitting an “ideal” 
correlated three-factor model to data with (partly) misspeci
fied population models (i.e., cross-loadings in a proportion 
of simulated studies). In that way we could evaluate the 
extent to which the parameters in the TSSEM are biased 
when this heterogeneity of the correlation matrices remains 
undetected, and an “incorrect” model is fitted to a subset of 
studies. We want to emphasize that the term “bias” in this 
type of simulation study needs to be interpreted with great 
caution, because it fully depends on both the data 
generating model and the specific analysis model. We 
calculated the relative parameter estimation bias (pebp) for 
the parameter estimates of all manifest indicator loadings as 

pebp ¼
jMp − epj

ep
(4) 

where Mp denotes the average of the stage two parameter 
estimates over all replications and ep is the true population 
value. Note that true population value refers to parameters 
in a correlated three-factor model without misspecification 
(i.e., no cross-loadings). However, Mp is computed based on 
the simulated data containing correctly and misspecified 
population models. The relative parameter estimation bias 
should not exceed 10% for any parameter included in the 
model (Koch, 2013; Muth�en & Muth�en, 2002).

Figure 1. Simulation model. Note. Baseline CFA model with three factors (f1,f2,f3) and three indicators each. Cross-loading conditions: one (f1 to x32), two (f1 to 
x32, f2 to x12), three (f1 to x32, f2 to x12, f3 to x12).
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Similarly, we calculated the relative factor correlation bias 
(pebc) for each factor combination as

pebc ¼
jMc − ecj

ec
(4) 

where Mc denotes the average of the stage two factor corre
lations over all replications and ec is the true population 
value for a given factor correlation.

Results

Stage One – Fixed-Effects Fit Indices

Cross-Loading Misspecification
p Values. The p values for the chi-square test of stage one 
heterogeneity were sensitive to the number of studies, sam
ple sizes and the number of cross-loadings (Figure 2). Using 
0.8 as a cutoff for an acceptable rejection rate (correspond
ing to 80% statistical power), the chi-square test performed 
reliably for the three-crossloading condition. Performance 
for two cross-loadings was good for at least 24 studies. With 
only one cross-loading, the chi-squared test did not reject 
homogeneity reliably for 12 studies and lower sample sizes.

RMSEA. When using 0.08 as a conservative cutoff for 
adequate fit, RMSEA values were consistently below the 
threshold for all conditions. With the stricter 0.05 cutoff, 
only the three cross-loadings condition showed notable dif
ferences between sample sizes. Overall, RMSEA values did 
not indicate poor fit for cross-loading misspecifications 
(Figure 3).

SRMR. The SRMR values were indicating good fit using a 
cutoff at 0.08 for all conditions except the lowest sample 
size of 125. While both higher misspecification levels and 
percentage of misspecified models were associated with 

higher SRMR values, the changes were not substantial when 
using common rules of thumb. Overall, the SRMR worked 
mostly as a test for sample size regardless of the underlying 
data (Figure A1).

CFI. The CFI rejected homogeneity reliably for three cross- 
loadings (Figure 4). Both low and medium misspecification 
showed a counterintuitive pattern of model fit rejection 
increasing with lower sample sizes. This is consistent with 
the small sample size effect (Shi et al., 2019), where chi- 
squared values (which are used in the CFI calculation) can 
be positively biased when fitting relatively big models to 
relatively small samples. Compared to the chi-squared test, 
the CFI did react less strict to violations of homogeneity 
while still showing a pattern of indicating poorer fit when 
more misspecifications were present.

Baseline Condition
p Values. For the baseline condition with no misspecifica
tion, the chi-squared test did not reliably reject correlation 
matrix heterogeneity even though the underlying baseline 
heterogeneity was still present (Figure 5). Differing from the 
misspecification conditions, the baseline condition clearly 
showed the small sample size effect for all conditions.

RMSEA. Using an RMSEA cutoff of 0.05, all conditions were 
marked as having good fit with only baseline heterogeneity 
present.

SRMR. Similar to conditions with cross-loadings, SRMR val
ues were predominantly sensitive to sample size in the base
line heterogeneity condition (Figure A2). Model fit was 
generally considered bad for a sample size of 125 and good 
for sample sizes of 250 or 500.

Figure 2. Chi-square test rejection rates for stage one correlation matrix homogeneity with cross-loading misspecifications. Note. Bars show the homogeneity rejec
tion rate for the chi-square test of stage one homogeneity with cross-loading misspecifications. Proportion of studies simulated from the baseline model indicated 
on the x-axis. Dashed lines indicate a rejection rate of 80%. Rows indicate number of studies. Columns indicate the number of cross-loadings.
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CFI. Using CFI values to assess stage one baseline hetero
geneity in the baseline condition (no cross-loading misspeci
fication) did not lead to reliable rejection of homogeneity 
(Figure A3).

Overall, correlation matrix homogeneity was not reliably 
rejected in the baseline condition (no cross-loading misspe
cifications). In this situation, fixed-effects pooling would be 
considered acceptable even with underlying baseline hetero
geneity according to commonly used rules of thumb. This 
shows that in the presence of baseline heterogeneity, add
itional heterogeneity caused by structural misspecification 
can alter stage one homogeneity test results in meaningful 
ways.

Stage Two

Comparison of Fixed-Effects and Random-Effects Pooling
In general, peb values were expectedly higher for indicators 
with a cross-loading (Figure A4). Within misspecification 
conditions, the proportion of misspecified models was the 
biggest contributor to peb increase, while sample size and 
number of studies were comparatively negligible. For indica
tors without a cross-loading, no peb values exceeded the 0.1 
threshold, indicating acceptable parameter bias across all 
conditions.

Using random-effects pooling in stage one did lead to 
decreased parameter bias across all simulation conditions 
for both factor loadings and factor correlations. The benefits 
of random-effects pooling increased with higher sample 
sizes for both factor loading estimates (Figure 6) and par
ticularly factor correlations (Figure 7).

Random-effects pooling did also lead to lower rejection 
rates for the chi-squared test of model fit, particularly for a 
low number of studies (Figure 8). Other fit indices 
(RMSEA, SRMR, CFI) generally indicated good model fit 

across all conditions for both random- and fixed-effects 
pooling.

Discussion

In this article, we discuss the performance of stage one cor
relation matrix homogeneity indices for meta-analytic SEM 
using the metaSEM package in R. We consider cross-load
ings as structural misspecifications leading to additional cor
relation matrix heterogeneity that ideally should be detected 
by stage one fit indices at least in more severe cases. The 
simulation illustrates a scenario where homogeneity does 
not hold in the baseline condition, with further heterogen
eity added in the cross-loading conditions for a number of 
studies. The issue of misspecified models is common when 
using CFA and SEM techniques and extends beyond psy
chological research (Bagozzi & Yi, 2012; Baumgartner & 
Homburg, 1996; Jarvis et al., 2003). Such scenarios can lead 
to different possible sources of stage two parameter bias:

1. Stage one heterogeneity not being modelled due to 
using a fixed-effects model

2. Misspecified analysis model used in the stage two 
analysis

Baseline heterogeneity without additional misspecification 
did not lead to significant bias of loadings or factor correla
tions even when using a fixed-effects analysis. Although we 
agree with the general advise to use a random-effects model 
when possible, with a correctly specified stage two model 
(or acceptable misspecification severity), fixed-effects pool
ing can be a practical alternative if a random-effects model 
cannot be fitted to the data and heterogeneity is not too 
severe.

Figure 3. Proportion of RMSEA values >0.05 when assessing stage one homogeneity with cross-loading misspecifications. Note. Bars show the proportion of 
RMSEA values >0.05 (rejection of good fit) when assessing stage one homogeneity. Proportion of studies simulated from the baseline model indicated on the 
x-axis. Rows indicate number of studies. Columns indicate the number of cross-loadings.
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The second source of heterogeneity (structurally different 
population models in stage one) was present in all misspeci
fication conditions due to studies being simulated from two 
subpopulations with different population models (baseline 
without cross-loadings vs. misspecified with cross-loadings). 
Analyzing subgroups is a core concept in meta-analysis 
(Borenstein & Higgins, 2013) with well-known disadvan
tages such as lack of statistical power (Cuijpers et al., 2021). 
In our simulation, correctly assigning studies to their 
respective subgroups would have resulted in unbiased esti
mates within subgroups. Without the assignment process 
being explicitly modeled, parameters were necessarily biased 
for the pooled stage two data. Nevertheless, stage one ran
dom-effects pooling could model at least parts of the 

additional correlation matrix heterogeneity caused by struc
tural misspecification, leading to reduced stage two factor 
loading and correlation bias. If sample sizes and the number 
of studies allow successful fit of a random-effects model in 
stage one, it seems to be preferable to a fixed-effects model 
even with only negligible heterogeneity present. This is in 
line with the general recommendation to use a random- 
effects model as a default when conducting a meta-analysis 
and only use fixed-effects models for substantive reasons 
(Schmidt et al., 2009). Random-effects pooling did not lead 
to severe convergence issues in our simulation, with non
converged stage one random-effects pooling rate not exceed
ing 5–6% even in the most severe misspecification 
conditions (Figure A5).

Figure 4. Proportion of CFI values <0.95 (indicating bad fit) when assessing stage one homogeneity with cross-loading misspecifications. Note. Bars show the 
proportion of CFI values <0.95 when assessing stage one homogeneity. Proportion of studies simulated from the baseline model is indicated on the x-axis Rows 
indicate number of studies. Columns indicate the number of cross-loadings.

Figure 5. Chi-square test rejection rates for stage one correlation matrix homogeneity without mis-specified models (baseline condition). Note. Bars show the rejec
tion rates for the stage one homogeneity chi-square test without misspecifications (baseline). Dashed lines indicate a rejection rate of 80%. Rows indicate number 
of studies. Columns indicate the number of studies.
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While baseline heterogeneity was not reliably detected by 
fit indices, our simulation showed that both the chi-squared 
test of stage one correlation matrix homogeneity and to a 
lesser degree the stage one CFI values were sensitive to het
erogeneity caused by cross-loading misspecifications in a 
proportion of simulated studies. The sensitivity of these 
indices to sample sizes can be advantageous, but potentially 
lead to overly strict rejections of acceptable heterogeneity 
for larger samples.

The widely followed recommendation of using random- 
effects pooling whenever feasible seems to be appealing at 
first glance, and we generally agree. But our study also high
lights certain limitations that deserve more attention in dis
cussions about how to approach meta-SEM analyses. 
Applied researchers should be mindful of the difference 
between heterogeneity caused by different population mod
els across studies and “baseline” heterogeneity in a random- 
effects sense. Our simulation shows that random-effects 
pooling can improve parameter estimates and model fit 
even if the stage two analysis model is wrongly specified for 
50% of all studies. In one sense, this can be desirable if 
unbiased estimations of factor loadings and correlations are 
the main research goal. There are also no general rules for 
“unacceptable” model misspecifications, and structural 

differences like minor cross-loadings might be ignorable 
when synthesizing multiple studies.

In stage one, heterogeneity caused by structural misspeci
fication for a proportion of studies did lead to higher rejec
tion rates for correlation matrix homogeneity when using 
the chi-squared test and the CFI. Since these fit indices and 
tests cannot distinguish between different sources of hetero
geneity (misspecified models vs. baseline heterogeneity), 
researchers might miss the possibility of structurally differ
ent subpopulations causing heterogeneity in stage one, and 
focus on the more general concept of random-effects hetero
geneity instead. Heterogeneity issues can appear “solved” by 
using random-effects pooling due to stage two improve
ments even though the more severe factor is structural 
misspecification.

In stage two analysis, random-effects pooling can lead to 
overconfidence in a misspecified model when more severe 
and unknown misspecifications are present for a number of 
studies. Researchers might not know the subgroup assign
ment process, explanatory variables are incomplete or 
unavailable, or there are disagreements in the literature on 
which model is best suited for the data at hand. For 
example, in the context of bifactor models, researchers often 
choose a classical orthogonal bifactor model (Holzinger & 

Figure 6. Comparison of stage two parameter bias for for fixed- and random-effects stage one correlation matrix pooling. Note. Top: sample size ¼ 125. Bottom: 
sample size ¼ 500. Bars show the stage two parameter estimation bias for indicator x12 when using fixed- or random-effects pooling in stage one. Proportion of 
studies simulated from the baseline model indicated on the x-axis. Dashed lines indicate a peb of 10%. Rows indicate number of studies. Columns indicate the 
number of cross-loadings. Indicator x12 has no cross-loading in the left column.
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Swineford, 1937) by default without acknowledging the 
existence of different and presumably more appropriate 
bifactor models (Eid et al., 2017; Koch & Eid, 2024). In 
these situations, a random-effects model can mask relevant 
structural misspecifications. Researchers might not consider 
other candidate models or think about the possibility of 
structurally different subgroups before the pooling stage 
because they are satisfied with the stage two performance of 
their (partly misspecified) pooled stage two model. This 
issue might be negligible for minor misspecifications. It can 
be argued that a single small cross-loading does not change 
a measurement model in a meaningful way. But with a 
larger number of more severe misspecifications, the meaning 
of factors and indicators can change substantially.

Beyond the scope of this study, ensemble-based 
approaches could be used to compare different sets of fit 
indices, cut-off values and their resulting stage two estima
tion performance, conditional on decision criteria used in 
stage one. If stage one fit indices show differential sensitivity 
to different types of misspecifications, they can as indicators 
for researchers to decide whether correlation-based pooling 
is a sensible analysis step.

Future research can also focus on alternative measures of 
fit, such as dynamic fit indices (McNeish & Wolf, 2023), 
entropy-based fit measures (Golino et al., 2024), as well as 

Bayesian alternatives that are potentially avoiding issues 
related to fitting complex models to smaller samples (Garnier- 
Villarreal & Jorgensen, 2020). In this context, predictive fit 
methods and information criteria like the widely applicable 
information criterion (WAIC) and Leave-one-out-cross- 
validation (LOO-CV) might be useful. These methods can 
potentially be used to evaluate individual study correlation 
matrices before using meta-SEM pooling to detect correlation 
matrix heterogeneity and facilitate analyses of more homogen
ous subgroups by filtering out “surprising” individual studies 
based on their influence on correlation matrix homogeneity.

When potential moderator variables are available, 
researchers can include them into their two-stage MASEM 
analysis if they are dichotomous, or instead use a one-step 
approach if they are continuous (Jak et al., 2021). A prag
matic approach to deal with correlation matrix heterogen
eity is to use parameter-based MASEM. Since these 
approaches first fit candidate models to all available studies, 
and only estimated effect sizes get pooled in a later stage, 
model misspecification can be evaluated for individual stud
ies. These approaches come with their own disadvantages, 
such as not being as robust when data is missing compared 
to correlation-based approaches (Cheung & Cheung, 2016).

Another promising approach is trying to identify rela
tively homogenous correlation matrix subgroups with 

Figure 7. Comparison of stage two factor correlation bias for fixed- and random-effects stage one correlation matrix pooling. Note. Top: sample size ¼ 125. 
Bottom: sample size ¼ 500. Bars show the stage two bias for the correlation between factors 1 and 2. Proportion of studies simulated from the baseline model 
indicated on the x-axis. Dashed lines indicate a peb of 10%. Rows indicate number of studies. Columns indicate the number of cross-loadings. Indicator x12 has no 
cross-loading in the left column.
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explorative methods before conducting MASEM. Cluster 
analysis has been shown to be a promising approach 
(Cheung & Chan, 2005). Recent research mostly focused on 
practical application (Schroeders et al., 2021; Steinmetz 
et al., 2020), leaving potential for future theoretical and 
methodological developments. It can be particularly useful 
to further investigate exploratory approaches to identify 
homogenous study subpopulations for scenarios with no 
available moderator variables or clear theories about data 
generating population models. Aside from comparing differ
ent clustering approaches, future research can also further 
compare different distance measures to quantify correlation 
matrix heterogeneity, both in a general sense and related to 
different specific models commonly used in psychological 
research.

With the limitations of stage one fit indices in mind, we 
advise practical researchers to make theory-informed deci
sions between stage one fixed and random-effects pooling. If 
the number of studies and sample sizes is large enough to 
allow reliable model convergence, random-effects pooling 
can reduce parameter and correlation bias with partially 
misspecified structural equation models as the main hetero
geneity source. An important and sometimes overlooked 
issue is that stage one fit indices and subsequent stage two 
pooling can mask indications of structurally different sub
groups and lead to overconfidence in a singular stage two 

analysis model by reducing factor loading and correlation 
bias. Researchers should keep the issue of model subgroup 
misspecification in mind when stage one indices reject 
homogeneity and be careful about equating good stage two 
fit with their analysis model being adequate for all pooled 
studies.
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Appendix A 

Figure A1. Distribution of SRMR values when assessing stage one homogeneity for one cross-loading (top) and three cross-loadings (bottom). Note. Histograms 
show the distribution of SRMR values when assessing stage one homogeneity. Dashed lines indicate an SRMR cutoff value of 0.08. Rows indicate number of studies. 
Columns indicate baseline model proportion.

Figure A2. Distribution of SRMR values when assessing stage one homogeneity for the baseline condition (no misspecification). Note. Histograms show the distri
bution of SRMR values for assessing stage one homogeneity without misspecification. Dashed lines indicate an SRMR cutoff value of 0.08. Rows indicate number of 
studies.
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Figure A3. Proportion of CFI values >0.95 when assessing stage one homogeneity for the baseline condition (no misspecification). Note. Bars show the proportion 
of CFI values >0.95 (i.e. good fit) when assessing stage one homogeneity. Columns indicate number of studies.

Figure A4. Stage two parameter estimation bias for one cross-loading. Note. Bars show the parameter estimation bias for all nine indicators. Factors indicated on 
the x-axis. Rows indicate number of studies. Columns indicate sample size (top) and baseline model proportion (bottom). Dashed lines indicate a bias of 10%.
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Figure A5. Stage one random-effects pooling convergence rates with cross-loading misspecifications. Note. Bars show the stage one random-effects model conver
gence rate. Proportion of studies simulated from the baseline model indicated on the x-axis. Rows indicate number of studies. Columns indicate the number of 
cross-loadings.
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