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Scholars increasingly recognize the potential of meta-analytic structural equation modeling (MASEM) as
a way to build and test theory (Bergh et al., 2016). Yet, 1 of the greatest challenges facing MASEM
researchers is how to incorporate and model meaningful effect size heterogeneity identified in the
bivariate meta-analysis into MASEM. Unfortunately, common MASEM approaches in applied psychology (i.e., Viswesvaran & Ones, 1995) fail to account for effect size heterogeneity. This means that
MASEM effect sizes, path estimates, and overall fit values may only generalize to a small segment of the
population. In this research, we quantify this problem and introduce a set of techniques that retain both
the true score relationships and the variability surrounding those relationships in estimating model
parameters and fit indices. We report our findings from simulated data as well as from a reanalysis of
published MASEM studies. Results demonstrate that both path estimates and overall model fit indices are
less representative of the population than existing MASEM research would suggest. We suggest 2
extension MASEM techniques that can be conducted using online software or in R, to quantify the
stability of model estimates across the population and allow researchers to better build and test theory.
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tific advancements in applied psychology. A key limitation of
meta-analysis, however, is that it traditionally focuses on a single
relationship, so it cannot test more complex theoretical models.
For this reason, scholars have combined the structural equation
modeling (SEM) technique with meta-analysis and referred
this procedure as meta-analytic structural equation modeling
(MASEM). MASEM has been heralded as offering “the potential
to reshape a literature’s development” (Bergh et al., 2016, p. 18)
because it allows researchers to examine a multivariate model for
theory building and testing. Scholars are increasingly using
MASEM to raise “fundamentally important questions about the
viability of theoretical and conceptual frameworks” (Bergh et al.,
2016, p. 4).
Notwithstanding its promise, the current approaches to MASEM
do not capitalize on a key strength of meta-analysis, which is the
ability to quantify effect size heterogeneity. Effect size heterogeneity refers to the variability of true score estimates in a population
(Higgins, 2008). Incorporating effect size heterogeneity is important because conclusions derived solely from the analysis of mean
effect sizes are limited and sometimes misleading. For example, a
meta-analysis on the effectiveness of a training program, which in
fact has no efficacy for women but strong efficacy for men, might
conclude a medium average effect size for the general population.
In this case, interpretation solely based on average effect sizes may
mislead future researchers or practitioners who plan to study or
implement the training program with female employees. Metaanalytic techniques address these issues through using either cred-

A core analytical technique in applied psychology is metaanalysis (Cooper, Hedges, & Valentine, 2009; Schmidt & Hunter,
2015), which quantitatively synthesizes a body of knowledge. In
this capacity, meta-analysis has contributed significantly to scien-
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ibility intervals (Hunter & Schmidt, 2004; Whitener, 1990) or Q
statistics (Hedges & Olkin, 1985). Yet similar procedures for
examining effect size heterogeneity in MASEM have not been
readily established. As a result, MASEM extends the same problem scholars have observed in the training program example
above— only now, they can erroneously conclude the mechanism
through which the misleading mean population effect occurs.
Thus, the current practice of MASEM suffers from inconsistency in its assumptions. In published MASEM studies, authors
spend the first half of the results identifying and quantifying the
effect size heterogeneity in bivariate relations and explaining this
heterogeneity using substantive or methodological moderators.
But in the second half of the article, where a multivariate SEM is
introduced, the technique requires the assumption that the bivariate
relationships are drawn from a population with zero effect size
heterogeneity. This logical inconsistency needs to be resolved in
order for researchers to draw better conclusions from MASEM
results, and MASEM procedures would be greatly improved by
utilizing the full information provided by meta-analytic results in
estimating multivariate models. Conceptually, incorporating effect
size heterogeneity into MASEM procedures would allow researchers to quantify the variability in MASEM estimates across a
population, leading to more sophisticated interpretations of findings. Incorporating effect size heterogeneity into MASEM analysis
would allow an examination of how model estimates vary in a
population of studies. Such a technique would recognize that
MASEM fit statistics—just like bivariate meta-analytic effect estimates— have true variability in the population, and that the
proposed theoretical model might fit in some conditions better than
others.
The purpose of this article, then, is to review the issue of effect
size heterogeneity in existing MASEM research and offer a quantitative demonstration of how quantifying effect size heterogeneity
may change interpretations of MASEM results. We first review the
two predominant MASEM techniques: traditional MASEM as
proposed by Viswesvaran and Ones (1995) and two-stage structural equation modeling (TSSEM) developed more recently by
Cheung (2014, 2015). Because neither the traditional MASEM nor
TSSEM has the capacity to quantify heterogeneity as the output of
MASEM, we develop specific extensions for both traditional
MASEM and TSSEM to quantify effect size heterogeneity.
We refer to these extensions as full-information MASEM
(FIMASEM), which extends traditional MASEM, and as twostage FIMASEM (TS-FIMASEM), which extends TSSEM. We
first demonstrate the performance of the traditional MASEM and
TSSEM, as well as the corresponding FIMASEM procedures in a
series of representative simulations in Study 1. In Study 2, we
reanalyze 20 published MASEM studies to demonstrate whether
substantive conclusions would have differed had the original authors been able to account for and quantify effect size heterogeneity in their analyses. Our two extensions are based on opensource R software, and we make example scripts available in the
online supplemental materials. We also introduce online software
so that users less familiar with R can conduct FIMASEM using a
web-based application. The software allows users to upload primary study data and examine theoretical models using both versions of FIMASEM.

Current Approaches to MASEM
It is helpful to consider all forms of MASEM as consisting of
two steps. The first step is to conduct meta-analyses and pool the
resulting effect size estimates into a matrix of all the variables in
the theoretical model. The second step is to use this pooled matrix
as an input into SEM estimation. The two MASEM techniques
have fundamental differences worth highlighting before advancing
our respective extensions. In describing the divergence between
traditional MASEM and TSSEM, we focus on the differences that
are most relevant to issues of effect size heterogeneity and the
FIMASEM and TS-FIMASEM applications (for a thorough review of the differences between traditional MASEM and TSSEM,
we refer readers to Landis, 2013). Table 1 presents the strengths,
weaknesses, and applicable contexts of the two MASEM techniques and their extensions.

Traditional MASEM and TSSEM
In traditional MASEM, the researcher first conducts a series of
independent meta-analyses on each bivariate relationship. The
technique relies on bivariate (or “univariate,” in some traditions)
meta-analysis (e.g., Hunter & Schmidt, 2004; Cooper et al., 2009),
which independently estimates each effect size () and its heterogeneity (i.e., the standard deviation of the true score estimates,
SD, which is used to construct credibility intervals). Effect size
estimates (but not their heterogeneity) are then pooled independently into a correlation matrix. In the second step, this correlation
matrix is then entered into SEM as an observed variancecovariance matrix. In TSSEM (Cheung, 2014), effect sizes are
pooled using SEM-based meta-analysis, which is based on multivariate (Cheung, 2015) rather than bivariate meta-analysis
(Schmidt & Hunter, 2015). In addition to producing a pooled
matrix of effect sizes and information about effect size heterogeneity (quantified by 2), multivariate SEM-based meta-analysis
produces a variance-covariance matrix of effect sizes, which represents the dependence between correlations. Step 2 of TSSEM
then weights the pooled effect size matrix by the inverse of its
sampling covariance matrix using WLS estimation (for a more in
depth discussion of WLS and weighting, see Cheung, 2015).
A notable difference between traditional MASEM and TSSEM
is the assumption of independence among effect sizes. Traditional
MASEM assumes effect sizes are independent from each other and
analyzes each bivariate relationship in separate meta-analysis. This
approach has been criticized as ignoring the dependence between
effect sizes that might be present (Cheung & Chan, 2005). In
contrast, TSSEM pools effect sizes using an SEM-based multivariate approach, which acknowledges and corrects for the biasing of
effects due to the potential dependence among effect sizes
(Cheung, 2015). For this reason, the pooled matrices from the first
step of traditional MASEM and TSSEM are likely to be different,
producing differences in results in Step 2.
In addition to their differences in handling the dependence of
effect sizes, traditional MASEM and TSSEM handle effect size
heterogeneity differently. Although traditional MASEM produces
a pooled effect size matrix and effect size heterogeneity estimates
in Step 1, only the effect size matrix is used to perform SEM, and
the effect size heterogeneity is discarded in Step 2. The second step
of traditional MASEM is in essence a fixed effects test (Cheung,
2015), which is not appropriate for drawing random effects con-

Controls for effect size
heterogeneity

Step 2. Calculate pooled
correlation matrix (weighted
by the asymptotic covariance
matrix) as the input to fit a
structural equation model

Stricter requirement on missing
data (one primary studies
must have a complete
correlation matrix)

Does not quantify effect size
heterogeneity in step two

Does not account for the
dependence of effect sizes
Uses correlation instead of
covariance matrix when
estimating SEM

Ignores effect size
heterogeneity in Step 2

Weaknesses

Primary studies are replications
of an existing theoretical
model and report all effect
sizes for the same set of
variables

Dependent effect sizes

No primary study contains a
complete correlation matrix

No effect size heterogeneity

Independent effect sizes

Applicable research context

FIMASEM:
Step 1. Conduct bivariate
random effects metaanalysis and construct
pooled correlation and
effect size heterogeneity
matrices
Step 2. Bootstrap based on
pooled matrices and
estimate SEM on each
input matrix, then
calculate summary
statistics for model
estimates
TS-FIMASEM:
Step 1. Conduct a
multivariate metaanalysis and construct
pooled correlation and
effect size heterogeneity
matrices
Step 2. Bootstrap based on
pooled matrices and
estimate SEM on each
input matrix, then
calculate summary
statistics for model
estimates

Effect size heterogeneity
extensions

Note. MASEM ⫽ meta-analytic structural equation modeling; TSSEM ⫽ two-stage structural equation modeling; FIMASEM ⫽ full-information meta-analytic structural equation modeling;
TS-FIMASEM ⫽ two-stage full-information structural equation modeling; SEM ⫽ structural equation modeling.

Accounts for
dependence of effect
sizes

Step 1. Conduct a multivariate
meta-analysis

Flexible with incomplete
data (uses pairwise
deletion)

Step 2. Use the pooled matrix as
the input to fit a structural
equation model

TSSEM (Cheung & Chan,
2005; Cheung, 2014)

Simple to use

Step 1. Conduct bivariate random
effects meta-analysis and
construct a pooled correlation
matrix

Viswesvaran & Ones (1995)

Strengths

Brief description of procedures

MASEM procedures

Table 1
Overview of Traditional MASEM, TSSEM, FIMASEM, and TS-FIMASEM
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clusions (i.e., unconditional inferences; Hedges & Vevea, 1998, p.
488). TSSEM, in contrast, is capable of a random effects approach,
which derives less biased estimates by controlling for the confounding impact of effect size heterogeneity. Unlike traditional
MASEM that ignores effect size heterogeneity in SEM, TSSEM
considers effect size heterogeneity as statistical noise to be removed in Step 2. Simulation results (Cheung, 2014; Cheung &
Chan, 2005; Furlow & Beretvas, 2005) have demonstrated that
TSSEM indeed offers less biased statistical tests than does traditional MASEM.
Despite their fundamental differences, traditional MASEM and
TSSEM are similar in that they emphasize the statistical significance of SEM estimates and do not quantify the impact of effect
size heterogeneity, if present in Step 1, on the final output of the
Step 2 model. Even if a robust statistical test shows that model
estimates and confidence intervals are statistically significant, it is
also important to know how those estimates are distributed in the
population. For example, if a robust statistical test fails to reject the
null hypothesis, it could be due to a very small population effect,
or it could be because the effect is strongly positive for some
subpopulations or boundary conditions, and strongly negative for
others. In this case, the statistical significance test offers no information about why the effect is or is not significant. In short, the
best fitting model may not always be the most generalizable
model. What is missing in the current MASEM practice is an
approach that determines how model statistics are distributed in
the population given information about effect size heterogeneity
produced in the random effects meta-analysis of Step 1.

produce non-positive-definite matrices, and because commonly
used algorithms for SEM (e.g., maximum likelihood estimation)
produce biased estimates for nonpositive definite matrices, nonpositive definite bootstrapped matrices are resampled until all
matrices are positive definite.
After the matrices have been generated, the SEM is estimated for
each bootstrapped matrix. This step results in a distribution for each
estimate (e.g., path coefficient, fit index) in the model. With respect to
path coefficients, we suggest summarizing the distribution by building
a credibility interval of each path coefficient (credibility interval
[CV␤]). Similar to a CV in bivariate meta-analysis, CV␤ represents
the range within which a percent (below we suggest constructing 80%
CV␤) of the population parameters fall. Wider CV␤ widths indicate
more variability in a model estimate (Whitener, 1990). With respect to
the distribution of fit indices across SEMs based on the bootstrapped
matrices, we suggest quantifying the extent to which a fit index
generalizes to a population of studies at conventional levels (e.g.,
McDonald & Ho, 2002). Although conventions for fit are controversial, they offer a succinct way to summarize the population fit indices.
Our suggestion is to quantify the percent of bootstrapped input matrices that have acceptable model fit by conventional standards for a
given fit index. For example, standardized root mean square residual
(SRMR) generalizability could be expressed as the percent of bootstrapped matrices that have an SRMR less than .10.

Proposed Extensions: FIMASEM and TS-FIMASEM

The purpose of Study 1 was to use simulated data to compare
the conclusions of traditional MASEM (Viswesvaran & Ones,
1995) and TSSEM (Cheung & Chan, 2005) with our proposed
extensions, FIMASEM and TS-FIMASEM, respectively. We
chose two mediation structural models with single indicators, as
mediation testing is a common use of MASEM in organizational
research (Bergh et al., 2016). For each model, we generated a
sample of primary studies corresponding to different conditions of
effect size heterogeneity in the data. We used Hunter and
Schmidt’s (2004) bare bones psychometric random-effect metaanalysis as the Step 1 for traditional MASEM and FIMASEM. For
TS-FIMASEM, we entered the primary study data into TSSEM
directly and then ran TS-FIMASEM based on the Step 1 output of
TSSEM.
For each simulation we generated an observed set of primary
studies (k ⫽ 50) from a distribution where the corresponding
population correlations for specified paths in Figure 1 (i.e., ij) had
a mean of .30 and nonmodeled paths had mean population correlations of .00. We then systematically varied SD for each population correlation to create effect size heterogeneity in different
magnitudes and between different constructs in the model. In
Simulation 1, we tested the model without any effect size heterogeneity (SD ⫽ .00). In Simulation 2, we examined the presence of
effect size heterogeneity (SD ⫽ .10) in 50% (randomly selected)
of the correlations. In Simulation 3, we introduced effect size
heterogeneity (SD ⫽ .10) into each of the correlations in the
model. In Simulations 4 and 5, we increased the magnitude of
effect size heterogeneity (Simulation 4: SD ⫽ .20; Simulation 5:
SD ⫽ .30). Finally, in Simulation 6, we analyzed a more complex
model (see Figure 2) to see how the introduction of effect size

As an initial attempt to incorporate effect size heterogeneity into
MASEM, we propose FIMASEM and TS-FIMASEM, which seek
to determine the distribution of estimates in a multivariate theoretical model given the presence of effect size heterogeneity. To do
this, FIMASEM and TS-FIMASEM randomly sample values from
the distributions (defined by the mean and standard deviation) of
bivariate effect sizes derived from the Step 1 meta-analysis. These
values are pooled into multiple effect size matrices. FIMASEM
and TS-FIMASEM then iteratively estimate the SEM across each
constructed matrix, allowing researchers to summarize the parameter distributions of model estimates. In either FIMASEM or
TS-FIMASEM, the first step is to construct two input matrices
based on meta-analyses: one representing effect sizes (i.e., ), and
one representing effect size heterogeneity (SD or , depending on
the meta-analytic tradition). In FIMASEM, the effects can be
pooled using any bivariate meta-analysis technique that estimates
effect size heterogeneity (SD and  vary computationally but are
conceptually similar). In TS-FIMASEM, effects are pooled using
SEM-based multivariate meta-analysis (e.g., Cheung & Chan,
2005; Cheung, 2013), which takes into account potential dependence between effect sizes.
Once effect sizes and their heterogeneity estimates have been
pooled, the second step is to use those pooled matrices as the basis
to construct a random sample of matrices. This is accomplished in
FIMASEM by bootstrapping matrices based on each effect size ()
and its heterogeneity (SD). In TS-FIMASEM, the pooled matrices
and 2 values are extracted from the first step of TSSEM and used
as the basis for the bootstrap. Because either procedure could

Study 1: Simulation
Method
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Figure 1.

Study 1: Simulation 1 model. All latent variables have one indicator.

heterogeneity influences a larger model with more constructs and
paths.
We bootstrapped 500 matrices in each simulation, which offered
a balance of precision and computer processing power. We fixed
the sample size of each primary study to 200 in each simulation.
Although the sample size is arbitrary in the simulation, it does not
introduce first order sampling error in this study as it would in a
typical simulation. Changes in sample size would only affect the
standard errors and statistical significance of the parameter estimates calculated in each simulation, which are not an emphasis of
the current simulations. Put differently, the credibility intervals
and generalizability estimates produced by FIMASEM and TSFIMASEM are not dependent upon sample size.
We quantify the impact of effect size heterogeneity in two ways:
by constructing CV␤ for each path coefficient and computing the
generalizability of the fit using 2 statistics, comparative fit index
(CFI), and SRMR. We compute 80% CV␤ intervals based on the
standard deviation of the distribution of ␤. To offer some conventions for the width of CV␤, we interpret the difference between the
upper and lower bounds of 80% CV␤ (i.e., CV␤ width) as a mean
difference, or d score (Cohen, 1992). A recent empirical investigation of Cohen’s (1992) conventions suggests d score conventions of .18 and .54 to divide the lower, middle, and upper thirds
of effect sizes across the field (Bosco, Aguinis, Singh, Field, &
Pierce, 2015). Thus, we suggest that CV␤ width less than .18
represents small heterogeneity, a width between .18 and .54 represents medium heterogeneity, and an interval wider than .54
represents large heterogeneity.
Many fit indices could be used to calculate the generalizability
of the model as a whole, and in the current research we present
information on 2 statistics, CFI, and SRMR. Although we focus
on the three fit indices, the online software outputs 16 fit indices,
and the logic we propose can be applied to any fit index. We
compute the percent of bootstrapped input matrices that fit at
conventional levels (i.e., have an SRMR less than .10 or CFI larger
than .90, McDonald & Ho, 2002). These values describe the

Figure 2.
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percent of studies to which the model generalizes accounting for
the effect size heterogeneity observed in random effects metaanalysis.
We technically accomplished these procedures using R. There
are currently two major R packages for conducting SEM: OpenMx
and lavaan. Because the two routines have slight differences in
model estimation, we incorporate both lavaan and OpenMx into
FIMASEM. However, TS-FIMASEM relies on Cheung’s (2015)
metaSEM package and must use OpenMx estimation to remain
consistent with TSSEM. Regardless of which R package is implemented for SEM analysis, the estimation of all models results in a
distribution of all model estimates. We provide syntax to reproduce these simulations in the supplemental materials and online
software.
One important consideration about this set of simulations is that
they are comparable between MASEM techniques within a simulation. However, because the simulations each generate their own
set of data, and because each primary study must have a positive
definite matrix, there are slight differences between the mean and
standard deviation of datasets being analyzed between simulations.
We take care to draw conclusions only on the comparisons between techniques within a simulation because those techniques
analyze the same data.

Results
Simulation 1: Figure 1 model with no effect size
heterogeneity. In Simulation 1, we assume that the effect size
homogeneity assumption holds (i.e., all SD ⫽ .00). We generated
the primary data such that zero effect size heterogeneity was
present in the primary studies. We performed this simulation using
a simple model presented in Figure 1 with one independent variable, two mediators and one dependent variable. As seen in Table
2, FIMASEM and TS-FIMASEM converge on identical solutions
to traditional MASEM and TSSEM when there is no variability in
effect sizes. Specifically, FIMASEM and TS-FIMSEM report

Study 1: Simulation 2 model. All latent variables have one indicator.

100%
56%
40%
46%
20%
0%
20.00
1,018.07
1,537.06
3,763.40
4,994.48
3,153.76

TS-FIMASEM

[.29, .29]
[.24, .35]
[.19, .40]
[.07, .45]
[⫺.07, .49]
[.23, .36]
.29
.30
.30
.26
.21
.30
.08
.08
.06
.05
.04
.12
.96
.92
.95
.96
.98
.85
TSSEM

20.00
4,937.31
1,650.44
470.08
275.23
655.61
.29
.28
.28
.26
.23
.21
All SD ⫽ .00
50% SD ⫽ .10
100% SD ⫽ .10
100% SD ⫽ .20
100% SD ⫽ .30
100% SD ⫽ .10
model:
model:
model:
model:
model:
model:
1
1
1
1
1
2
Figure
Figure
Figure
Figure
Figure
Figure
1
2
3
4
5
6

1
1
1
1
1
2
Figure
Figure
Figure
Figure
Figure
Figure
1
2
3
4
5
6

Run

100%
0%
20%
16%
8%
0%

100%
54%
40%
33%
25%
9%
100%
25%
39%
30%
24%
1%
10.06
9.17
30.84
109.58
163.19
75.29
[.29, .29]
[.22, .35]
[.16, .41]
[.03, .47]
[⫺.04, .49]
[.15, .38]
.29
.29
.28
.26
.23
.21
.09
.09
.11
.14
.16
.11
.92
.87
.90
.92
.93
.64
10.06
15.84
13.20
10.06
6.07
9.75
.29
.29
.27
.25
.23
.27
All SD ⫽ .00
50% SD ⫽ .10
100% SD ⫽ .10
100% SD ⫽ .20
100% SD ⫽ .30
100% SD ⫽ .10

Avg. ␤¯ a
SRMR
CFI
2
Description

Avg. ␤a

Traditional MASEM

Table 2
Study 1 Results From Six Simulations

model:
model:
model:
model:
model:
model:

% SRMR ⬍ .10
% CFI ⬎ .90
 2

FIMASEM

Avg. 80%
CV␤a
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Note. MASEM ⫽ meta-analytic structural equation modeling; FIMASEM ⫽ full-information meta-analytic structural equation modeling; Avg. ␤ ⫽ average path coefficient for traditional MASEM;
2 ⫽ chi-square statistic for model in traditional MASEM; CFI ⫽ comparative fit index for traditional MASEM; SRMR ⫽ standardized root mean square residual for traditional MASEM; ␤¯ ⫽ mean
path coefficient across 500 iterations; CV ⫽ credibility interval; Avg. 80% CV␤ ⫽ average 80% credibility interval for the path coefficient across 500 iterations;  2 ⫽ mean value of 2 across 500
iterations; % CFI ⬎ .90 ⫽ percentage of CFI statistics that fell above the .90 cutoff across 500 iterations; % SRMR ⬍ .10 ⫽ percentage of SRMR statistics that fell below the .10 cutoff across 500
iterations; TS-FIMASEM ⫽ two-stage full-information structural equation modeling; FIMASEM ⫽ full-information meta-analytic structural equation modeling.
a
Statistics represent average of all paths in model.
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zero-width CV␤ around ␤ and that the model fits for 100% of the
population, converging with the conclusions of traditional
MASEM and TSSEM.
Simulation 2: Figure 1 model with effect size heterogeneity
(SD ⴝ .10) in half of paths. In Simulation 2, we generated the
primary study data such that effect size heterogeneity of SD ⫽ .10
was introduced to 50% (randomly selected) of the correlations
between model variables. Specifically, X●M1, and X●M2 had
effect size heterogeneity of .10. All remaining correlations had no
effect size heterogeneity (SD ⫽ .00). Results from Simulation 2
are presented in Condition 2 of Table 2. The average standardized
¯ from FIMASEM and TS-FIMASEM were
path coefficients (␤)
nearly identical to those from traditional MASEM and TSSEM,
respectively. As expected, FIMASEM and TS-FIMASEM reported a nonzero-width CV␤ in the four paths of the model
(FIMASEM average 80% CV␤ [.22, .35]; TS-FIMASEM average
80% CV␤ [.24, .35]). FIMASEM and TS-FIMASEM also demonstrated that the model fit, by conventional levels, for less than
100% of the population (i.e., for SRMR, FIMASEM: 54%, TSFIMASEM: 56%). This means that when even half the paths are
allowed to vary, approximately half of the population was not
acceptably represented by the theoretical model, according to
standard conventions for fit. This point is not revealed in traditional MASEM, which implies that the estimated effects and their
respective statistical significance are indicative of a 100% generalizable effect.
Simulation 3: Figure 1 model with effect size heterogeneity
(SD ⴝ .10) in all paths. In Simulation 3, we allowed 100% of
the true correlations between X, Y, M1, and M2, to vary with a
standard deviation of .10 in the Figure 1 model. Table 2 displays
these results. Once again, FIMASEM and TS-FIMASEM produced CV␤ (FIMASEM average 80% CV␤ [.16, .41]; TSFIMASEM average 80% CV␤ [.19, .40]) that reflect the variability
of correlations from meta-analytic results. In terms of generalizability of model fit, the extensions estimate that the model fits less
than half of the population (i.e., for SRMR, FIMASEM: 40%,
TS-FIMASEM: 40%).
Simulation 4: Figure 1 model with effect size heterogeneity
(SD ⴝ .20) in all paths. The purpose of Simulation 4 was to
examine how the magnitude of effect size heterogeneity impacts
MASEM conclusions. We generated a sample of primary studies
with SD of .20 for all effect sizes and ran the analysis on the
Figure 1 model. The results in Table 2 indicate medium-width
CV␤ for both FIMASEM (average 80% CV␤ [.03, .47]) and
TS-FIMASEM (average 80% CV␤ [.07, .45]). In terms of the
generalizability of model fit (i.e., SRMR), the extensions report
that the model fits 33% (FIMASEM) and 46% (TS-FIMASEM) of
the population.
Simulation 5: Figure 1 model with effect size heterogeneity
(SD ⴝ .30) in all paths. In Simulation 5, we again increased the
effect size heterogeneity for all effect sizes up to SD of .30. Table
2 reports that this produced large-width CV␤ on average for both
FIMASEM (average 80% CV␤ [–.04, .49]) and TS-FIMASEM
(average 80% CV␤ [–.07, .49]). Note that the conclusions of
traditional MASEM and TSSEM differed slightly from the conclusions of FIMASEM and TS-FIMASEM in this simulation.
Whereas traditional MASEM and TSSEM would conclude a positive, statistically significant, relationship holds along paths in the
model, FIMASEM and TS-FIMASEM contend that for some
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subpopulations the effect is null or even negative. This conclusion
is also reflected in results for the generalizability of model fit, as
only about one in four studies in the population is represented by
this theoretical model (i.e., SRMR, FIMASEM: 25%, TSFIMASEM: 20%). Traditional MASEM or TS-FIMASEM does
not reveal this information in their respective calculations of fit
statistics.
Simulation 6: Figure 2 model with effect size heterogeneity
(SD ⴝ .10) in all paths. The purpose of Simulation 6 was to
examine the impact of effect variability in a more complex model.
To test a more realistic model, we added two more independent
variables as well as a second dependent variable as part of Simulation 6 as displayed in Figure 2. In constructing these data we
again created a sample of primary studies with effects randomly
drawn from a corresponding distribution with the effect size (.30 if
the path was specified, and .00 if the path is not specified in the
model) and effect size heterogeneity of .10 for all paths. Results
from Simulation 6 suggested a similar result in terms of CV␤ as in
Simulation 3. Specifically, the extensions reported small-width
CV␤ (FIMASEM: average 80% CV␤ [.15, .38], TS-FIMASEM:
average 80% CV␤ [.23, .36]). More notably, the generalizability of
these models was very small, with less than 10% of the population
of studies demonstrating acceptable fit (i.e., SRMR, FIMASEM:
9%, TS-FIMASEM: 0%).

Discussion
These simulations, covering a broad range of conditions, illustrate the problem of assuming a single population effect size (i.e.,
no effect size heterogeneity) when, in fact, the effect size varies in
a population. Specifically, traditional MASEM (Viswesvaran &
Ones, 1995) and TSSEM (Cheung, 2015; Cheung & Chan, 2005)
do not quantify the impact of effect size heterogeneity, yet offer
the same conclusions for Simulations 1 through 6: the theoretical model generalizes across the entire population. However,
FIMASEM and TS-FIMASEM demonstrate that this conclusion is
sensitive to effect size heterogeneity. In Simulation 1, where effect
size heterogeneity is absent, the extensions confirm that the model
fits the entire population. However, in Simulation 2, where we
introduce effect size heterogeneity in only half the paths, the model
fits about half the population. When we introduce larger amounts
of effect size heterogeneity into all the paths, the divergence
between the existing techniques and our proposed extension is
more substantial—in Simulation 5, the model fits about a quarter
of the population. In this case, there probably remain subpopulations and moderators where a different model may be more appropriate. Given this conclusion, research can move to examine
what those contingencies might be.
We recognize, however, that the Study 1 simulation offers an
overly simple view of MASEM. Our assumptions, models, and
conditions were contrived to demonstrate the value of our technique, and thus may not be applicable to real world data MASEM
scholars are likely to observe. To overcome this limitation, we
conducted a second study with the goal of reanalyzing published
MASEM research and applying our procedures to the original
authors’ data. This allows a more comprehensive demonstration of
a wider variety of theoretical models. Examining real world data
also offers a clearer view of the potential value that our extensions
could bring to the current MASEM practice.
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Study 2: Reanalysis of Published MASEM Studies
Method
Literature search. To identify articles for inclusion, we completed searches in Google Scholar for articles containing the keywords meta-analytic structural equation modeling and MASEM, as
well as articles having cited Viswesvaran and Ones (1995) or
Cheung and Chan (2005). We limited our search to articles published within top journals as these provided the highest-quality
exemplars of MASEM in leading management journals. We
searched Academy of Management Journal, Journal of Applied
Psychology, Personnel Psychology, Journal of Management, Strategic Management Journal, Organization Science, Administrative
Science Quarterly, Journal of Organizational Behavior, and Organizational Behavior and Human Decision Processes. Initial
search results provided 73 potential articles from the nine journals.
Inclusion criteria. To be included, meta-analyses had to meet
the following criteria. First, articles had to have actually performed
MASEM using a single indicator approach. Review articles, qualitative research, primary studies, and articles involving confirmatory factor analyses and metaregression were excluded. Twentytwo studies were excluded based on this criterion. Second,
included MASEMs had to provide enough information to recreate
their effect size (i.e., correlation) and standard deviation matrices
as well as their structural equation models. Thus, articles had to
provide correlations (r or ) between study variables as well as
variance information (e.g., standard deviations, variance, and/or
credibility intervals) for corresponding correlations. Additionally,
articles had to include the specifications (i.e., causal paths) of their
meta-analytic structural-equation models, which were generally
expressed as figures. Where articles did not include all relevant
information but were clearly examples of MASEM, we emailed
authors of the published studies requesting the necessary information. This criterion excluded another 26 studies.
Because all selected MASEM studies were based on various
SEM programs, we only included studies for which we could
replicate meta-analytic results using the reconstructed matrices in
the R SEM package lavaan (Rosseel, 2012). Further, replicating
the original MASEM ensured that we appropriately specified the
model exactly as the original authors had in their published work.
We then compared our replicated results with original results in
terms of path coefficients, degrees of freedom, 2, CFI, and
SRMR. Where full or nearly full replication of path estimates was
found,1 these studies were included within our final sample. This
inclusion criterion excluded five studies, leaving a final sample of
20 meta-analytic structural equation models that could be replicated using FIMASEM. All 20 articles used traditional MASEM
(Viswesvaran & Ones, 1995) in their primary analysis.
Coding. The first and third authors coded the data from each
study. The authors independently coded the same five articles to
assure accuracy and interrater agreement. The agreement rate was
high (Cohen’s  ⫽ .96; Cohen, 1960); any discrepancies were
resolved through discussion. From each article we coded independent and dependent variables, k, n, , and SD. When SD was not
1

Replication results are available upon request.
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reported we used the lower and upper bounds of the credibility
intervals to reverse-compute it.
Because TSSEM and TS-FIMASEM require coding sheet data
from the original primary studies, we obtained these values from
meta-analytic results tables, which provide effect sizes from the
primary studies in the meta-analysis. When these data were not
available, we emailed the authors of the published MASEM studies. Through this procedure, we retrieved raw coding sheets of six
included MASEM studies. Only two out of the six studies had at
least one primary study with a complete effect size matrix of all
study variables (a necessary condition to run TSSEM and TSFIMASEM, Landis, 2013). As a result, we reanalyzed using
Viswesvaran and Ones (1995) and FIMASEM procedures on all
20 included MASEM studies and performed TSSEM and TSFIMASEM on two included MASEM studies that had sufficient
data.
Analysis plan. We first constructed the  and SD matrices
from 20 MASEM studies using traditional MASEM pooling for
FIMASEM. Some studies provided SD only for some correlations
in the meta-analysis. In these instances we filled missing data with
zeros in the SD matrices (13 of the 20 studies had at least one
missing SD). This decision assumes no effect size heterogeneity for unreported relationships, making the contrast between
FIMASEM and traditional MASEM more conservative. The  and
SD matrices were then uploaded as inputs for our replication and
subsequent FIMASEM analyses to the website we developed for
the purpose of this analysis (see supplemental materials for implementation of FIMASEM and access to the online software). For
each reanalysis we specified 500 FIMASEM iterations, and we
entered the sample size reported by the authors of the published
studies.

Results
We organize the following results into three parts. First, we
present a detailed example of a specific model from one MASEM
study to illustrate the application and interpretation of FIMASEM
with real data. Second, to give a broad sense of how MASEM

conclusions differ when effect size heterogeneity is incorporated,
we report the aggregated FIMASEM and traditional MASEM
results of path estimates and fit indices from all 20 MASEM
studies. Finally, we present results of TS-FIMASEM and TSSEM
on the two MASEM studies that provide sufficient data to perform
both TSSEM and TS-FIMASEM to facilitate comparison across
both our proposed extensions.
Example FIMASEM. The model tested in published
MASEM Study 14 is presented in Figure 3. It has four independent
variables, one mediator, and one dependent variable. The original
authors used the Viswesvaran and Ones (1995) procedure and
reported using a sample size of 216 in SEM. We specified the
seven structural paths and ran the model using both Viswesvaran
& Ones’ procedure and FIMASEM. The results are presented in
Table 3.
Mean path coefficients from FIMASEM are very similar to
Viswesvaran and Ones estimates. However, the divergence between traditional MASEM and the FIMASEM extension is illustrated in the 80% CV␤ as reported by FIMASEM. Viswesvaran
and Ones’ (1995) procedure assumes that effect size heterogeneity,
and thus true score variance in path coefficients, is zero in the SEM
phase. This assumption is not made in FIMASEM and, as the
results in Table 3 show, path coefficients vary substantially. The
most narrow 80% CV␤, union instrumentality perceptions to
prounion attitudes (INST¡PA) is .38 (80% CV␤ [.43, .81]). Although the distribution is consistently positive, the effect does vary
substantially across the population. At the upper bound of the CV,
a 1-SD change in union instrumentality perceptions is associated
with almost two times larger of a change in prounion attitudes than
it would be at the lower bound.
The results are more extreme for other paths. Five of the seven
paths display large amounts of effect size heterogeneity (i.e., CV␤
width ⬎ .54) and the 80% CV␤ for three paths include zero,
indicating that not even the sign of the coefficient (i.e., positive or
negative) between the two variables generalizes across the population. For example, job satisfaction’s effect on union commitment
ranges from a negative effect at the lower bound of the CV (–.43)

Figure 3. Traditional meta-analytic structural equation modeling (MASEM) and full-information MASEM
(FIMASEM) results from Study 14. Single indicators, error terms, ␤, 80% CV␤ limits, and residual variances are
omitted for clarity. Numbers in italics represent traditional MASEM results followed by FIMASEM results.
UP ⫽ union participation; UC ⫽ union commitment; OC ⫽ organizational commitment; JS ⫽ job satisfaction;
PA ⫽ prounion attitudes; INST ⫽ union instrumentality perception.

␤¯

.37

.08

.01

.58

.16

.39

.62

.41ⴱⴱ

.17ⴱⴱ

–.06

.67ⴱⴱ

.07

.47ⴱⴱ

.70ⴱⴱ

UC¡UP

OC¡UC

JS¡UC

PA¡UC

INST¡UC

JS¡OC

INST¡PA

[.43, .81]

[.09, .69]

[–.41, .72]

[.09, 1.08]

[⫺.43, .45]

[⫺.34, .52]

[.11, .63]

80% CV␤

.38

.59

1.13

.99

.88

.85

.51

80% CV␤ width

FIMASEM

100%

95%

64%

93%

51%

61%

97%

% ␤ above 0

␤ distribution

Note. ␤¯ ⫽ mean level of coefficients for a path across 500 iterations; MASEM ⫽ meta-analytic structural equation modeling; FIMASEM ⫽ full-information meta-analytic structural equation
modeling; 80% CV␤ ⫽ 80% credibility interval for the path coefficient; UP ⫽ union participation; UC ⫽ union commitment; OC ⫽ organizational commitment; JS ⫽ job satisfaction; PA ⫽ prounion
attitudes; INST ⫽ union instrumentality perceptions.
ⴱⴱ
p ⬍ .01.

Paths

␤

Traditional MASEM

Table 3
Example Reanalysis: Parameter Estimates From Study 14
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to a positive effect at the upper bound (.45). With a CV␤ width of
.88, FIMASEM finds wide intervals that signify that the effects
vary, which could be due to boundary conditions or subpopulations.
It is critical to note that Viswesvaran and Ones’ (1995) procedure does not reveal whether the path varied across subpopulations
or boundary conditions. Viswesvaran and Ones’ (1995) procedure
reported that prounion attitudes was positively and significantly
related to union commitment (i.e., ␤ ⫽ .67, p ⬍ .01). The
FIMASEM procedure, however, suggests that this conclusion is
oversimplified. The path is positive for certain subpopulations and
boundary conditions, but there are other cases where the effect is
null, negative, or possibly uninterpretable (if the path represents
the same construct). By accounting for the variability of the
bivariate results in multivariate SEM, FIMASEM can offer a more
rigorous test of the theoretical model than can Viswesvaran and
Ones’ (1995) procedure.
This conclusion is also reflected in comparing the distribution of
fit indices from FIMASEM with the results of Viswesvaran and
Ones’ (1995) procedure. Viswesvaran and Ones’ (1995) procedure
reported that the model had acceptable fit (SRMR ⫽ .05; CFI ⫽
.98). However, FIMASEM results suggest that achieving this level
of fit is rare in the population of data described by the metaanalytic results. Specifically, SRMR was less than .10 for only
21% of models generated from the distribution of effect sizes.

Results with respect to CFI were even worse. Only 2% of bootstrapped models had CFI values greater than .90. These findings
again highlight the value of FIMASEM; although the Viswesvaran
and Ones (1995) procedure suggested the model fit the population
acceptably, FIMASEM found this was rarely the case. For the
remaining 79% (or 98%, interpreting CFI), there likely remain
other models that better represent the nature of relationships between these constructs.
Results for FIMASEM. FIMASEM results are interpreted
with two foci: the distribution of path estimates and the distribution of fit indices.
Path estimates. Table 4 presents summary statistics of original
meta-analytic results, traditional MASEM path estimates and the
FIMASEM results from all included MASEM studies. The left
side of Table 4 presents the number of paths specified in the SEM,
whether the authors concluded significant effect size heterogeneity
(and thus conducted a moderator analysis) based on meta-analytic
results, and summary statistics of CV widths across all correlations corresponding to specified SEM paths. For example, the
SEM of Study 1 had 20 paths, and the original authors concluded
significant effect size heterogeneity existed for at least some of
these paths. CV widths of these paths ranged from .13 to .59 with
a mean width of .32. Of the 20 MASEM studies, 16 studies
performed moderator analysis for at least one bivariate relationship

Table 4
Summary Statistics From Original and Meta-Analytic Results and MASEM Results of Included Studies
Original meta-analytic results from published articles

Traditional
MASEM

FIMASEM path coefficients

Study

# of Paths

Moder.

Min. CV
widtha

Avg. CV
widtha

Max. CV
widtha

Avg. ␤b

¯
Avg. (␤)


SD
␤

Min. CV␤
width

Avg. CV␤
width

Max. CV␤
width

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16c
17
18
19
20
Avg.

20
2
12
11
8
26
8
6
7
11
10
8
8
7
9
5
6
8
4
23
10

Yes
Yes
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
No
Yes
Yes
Yes
No
Yes
Yes
Yes
—

.13
.33
.08
.15
.21
.11
.58
.28
.25
.41
.36
.25
.21
.41
.23
.20
.18
.27
.21
.00
.24

.32
.38
.32
.21
.44
.42
.63
.37
.33
.54
.40
.30
.37
.58
.43
.20
.25
.43
.32
.19
.37

.59
.44
.61
.41
.72
.65
.72
.46
.40
.67
.44
.33
.46
.76
1.08
.20
.30
.54
.46
.33
.53

.15
.26
.08
.21
.18
.11
.30
⫺.07
.21
.30
.05
.25
.08
.35
⫺.09
.56
.31
.23
.12
.04
.18

.15
.26
⫺.16
.21
.18
.04
.30
⫺.06
.20
.29
.05
.25
.08
.32
⫺.07
.56
.32
.23
.12
.04
.17

.21
.19
.20
.14
.21
.38
.18
.10
.21
.18
.07
1.16
.41
.30
.29
.02
.11
.09
.25
.08
.24

.28
.41
.13
.07
.21
.29
.03
.00
.28
.00
.00
.34
.84
.38
.28
.00
.22
.00
.25
.01
.20

.54
.48
.49
.35
.54
.98
.46
.25
.55
.45
.20
2.97
1.04
.76
.73
.05
.29
.23
.63
.19
.61

.93
.55
.77
.60
.84
1.31
.79
.77
1.03
.89
.88
7.56
1.30
1.13
1.23
.19
.34
.53
1.00
.46
1.16

Note. MASEM ⫽ meta-analytic structural equation modeling; FIMASEM ⫽ full-information meta-analytic structural equation modeling; Moder. ⫽ an
indication of whether the authors conducted moderation analysis in the meta-analysis (Stage 1); CV ⫽ credibility interval; Min. CV width ⫽ the minimum
credibility interval width across all paths in the study; Avg. CV width ⫽ the average credibility interval width across all paths in the study; Max. CV
width ⫽ the maximum credibility interval width across all paths in the study; Avg. ␤ ⫽ average path coefficient for traditional two-stage structural equation
 ⫽ the average standard deviation across 500 iterations; Min. CV width ⫽ the minimum
modeling; ␤¯ ⫽ mean path coefficient across 500 iterations; SD
␤

credibility interval width across 500 iterations; Avg. CV width ⫽ the average credibility interval width across 500 iterations; Max. CV width ⫽ the
maximum credibility interval width across 500 iterations.
a
Distribution of CV is based only on the number of  related to all structural paths of a model. b Average betas across all paths with traditional
Viswesvaran & Ones (1995) method.
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based on meta-analytic results. However, none of these studies
accounted for this effect size heterogeneity in estimating the SEM.
The middle column of Table 4 presents the average path coefficient (␤) across all paths of the traditional MASEM, and the right
side of Table 4 presents the distributions of path coefficients from
FIMASEM across all paths in the model. For example, Study 1
reported a SEM with 20 structural paths, and the middle column
presents the average path coefficient across those 20 paths based
on traditional MASEM. FIMASEM then presents the average
distribution across these 20 paths (notated as average ␤¯ and average SD␤). Further, we computed 80% CV␤ widths for each path.
Across the 20 paths in this study, 80% CV␤ widths ranged from .28
to .93 with a mean width of .54. Of the 199 paths included in all
20 MASEMs, 13 paths (6%) from five published studies showed
zero variability. An additional 29 paths (15%) from nine studies
showed small heterogeneity (i.e., had 80% CV␤ widths smaller
than .18 based on our application of the conventions from Bosco
et al., 2015). Collectively, these 42 paths are the estimates where
we can say that the effect is relatively constant and the traditional
MASEM procedure will yield approximately the same information
as FIMASEM.
Sixty-eight paths (34%) from 17 published studies demonstrated
moderate heterogeneity (i.e., had 80% CV␤ between .18 and .54
based on our application of the conventions from Bosco et al.,
2015). Finally, 89 paths (45%) in 17 models showed credibility
intervals wider than .54. Overall, every study contained at least one
path with an 80% CV␤ wider than .18, and in 11 of the 20 models
all paths had 80% CV␤’s wider than .18. This means that across the
20 MASEMs we examined, every study had path coefficients with
at least a moderate degree of effect size heterogeneity. In these
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situations, interpreting only the results derived from Viswesvaran
and Ones (1995) is not optimal, as the results do not account for
the effect size heterogeneity present in the meta-analytic results
when estimating the SEM.
Fit indices. With respect to fit indices, Table 5 displays summary statistics for distributions of 2, CFI, and SRMR statistics
based on FIMASEM and fit indices from Viswesvaran and Ones
(1995) procedure. In 19 of the 20 models, the mean fit indices from
FIMASEM indicated worse fit than the Viswesvaran and Ones
(1995) procedure (Model 17 was fully saturated and thus had
perfect fit). The descriptive statistics in Table 5 highlight the
different interpretations FIMASEM uncovers by accounting for
SD. As an example, in reanalyzing Study 9 we found that the
SRMR values were above .10 for 62% of the bootstrapped input
matrices. Given that the model holds, by traditional SRMR convention (i.e., SRMR ⬍ .10; McDonald & Ho, 2002), for only 38%
of the population, it would be difficult to argue that the theoretical
model generalizes well to the population. However, traditional
MASEM reported an SRMR of .07, indicating that the model has
acceptable fit. FIMASEM draws a different conclusion, reporting
that the model only holds for about one third of the population.
Looking across the 20 published articles, we found six models
where the model fit, by conventional levels (i.e., SRMR ⬍ .10) for
less than half of the population. For three of these studies the
model fit for less than 10% of the population. These results were
worse using CFI, where 13 studies fit less than half of the population, and seven studies fit less than 10% of the population.
To further illustrate the differences between traditional MASEM
and FIMASEM, consider published Studies 1 and 2 in Table 5 as
examples. Both studies reported SRMR of .02 in our replication

Table 5
Summary Statistics From Traditional and FIMASEM Fit Indices
MASEM fit indices from
published model

Replicated traditional MASEM
fit indices

FIMASEM fit indices

Study

2

CFI

SRMR

2

CFI

SRMR

 2

SD(2)

% CFI ⬎ .90

% SRMR ⬍ .10

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

13.11
—
37.83
320.97
306.15
292.89
27.24
79.89
653.07
120.18
596.80
232.84
5.50
15.39
7.07
431.48
—
71.89
189.30
281.54

.99
.99
—
.93
.95
.97
.99
.98
.94
.97
.96
.88
.99
.98
.99
.96
—
.98
—
.97

—
—
.06
—
.07
.07
.03
.02
—
.04
.05
.07
—
—
.02
—
—
.03
—
—

13.63
16.54
42.76
221.67
786.78
1,587.37
3.22
5.43
706.62
142.74
626.11
82.93
17.27
14.76
36.45
30.45
.00
1,201.4
189.32
290.01

1.00
.98
.96
.93
.81
.83
.99
1.00
.94
.96
.95
.88
.98
.98
.99
.95
1.00
.73
.97
.97

.02
.02
.04
.04
.11
.17
.03
.01
.07
.04
.05
.07
.03
.05
.02
.05
.00
.11
.03
.03

711.02
206.45
395.91
2,246.61
1,441.47
2,235.27
430.70
309.91
5,392.39
830.69
902.38
1,521.54
64.02
215.20
587.49
638.26
.00
1,577.46
1,198.51
439.70

461.79
910.9
372.45
1,082.52
687.87
1054.6
912.78
453.72
4,501.68
976.63
659.56
1,115.58
91.14
190.02
655.31
1,105.81
.00
465.99
1,926.65
279.52

26%
61%
10%
0%
0%
7%
49%
97%
7%
44%
90%
3%
61%
2%
36%
27%
100%
0%
62%
99%

52%
91%
87%
48%
7%
3%
81%
100%
38%
96%
100%
100%
87%
21%
81%
85%
100%
0%
88%
100%

Note. MASEM ⫽ meta-analytic structural equation modeling; FIMASEM ⫽ full-information meta-analytic structural equation modeling; — ⫽ not
reported; 2 ⫽ chi-square statistic for model; CFI ⫽ comparative fit index; SRMR ⫽ standardized root mean square residual;  2 ⫽ mean value of 2 across
500 iterations; SD(2) ⫽ average standard deviation of the 2 across 500 iterations; % CFI ⬎ .90 ⫽ percentage of CFI statistics that fell above the .90 cutoff
across 500 iterations; % SRMR ⬍ .10 ⫽ percentage of SRMR statistics that fell below the .10 cutoff across 500 iterations.
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using traditional MASEM. However, when analyzed using
FIMASEM, we found that the studies differed substantially in
terms of their generalizability. Published Study 2 achieved acceptable fit based on SRMR in 91% of the bootstrap iterations, while
Study 1 achieved acceptable fit based on SRMR in 52% of iterations. The comparison between the two studies highlights the
importance of FIMASEM: The best fitting model may not be
the most generalizable. The different conclusions cast doubt on the
efficacy of the existing MASEM procedure and reveal the importance of FIMASEM in testing theory.
Results for TS-FIMASEM. We retrieved sufficient data to
reanalyze two published studies using both traditional MASEM
and TSSEM as well as the extensions FIMASEM and TS-FIMASEM: Study 15 and Study 17. To make MASEM procedures
comparable, we eliminated potential discrepancies that may be due
to the use of different SEM packages and psychometric corrections
by running all MASEM procedures in the OpenMx R package. For
both published studies, we corrected effect sizes individually for
measurement errors. We specified the model identically for each
technique, and bootstrapped 500 input matrices for FIMASEM and
TS-FIMASEM. The procedures allow for comparisons between
each MASEM procedure and its respective extension. Although
we reviewed FIMASEM and traditional MASEM results above,
we include them in Table 6 and Table 7 for comparison.
However, we focus our discussion here on the comparison of
TSSEM with TS-FIMASEM.
As there are with traditional MASEM and FIMASEM, there are
differences between TSSEM and TS-FIMASEM. In general,
TSSEM estimated larger path coefficients than the mean estimates
of TS-FIMASEM. More importantly, effects which are statistically
significant in TSSEM have 80% CV␤ which include both positive
and negative effects. For example, in published Study 15 (see
Table 6), TSSEM estimated the effect of burnout on accidents to
be .10 (p ⬍ .05). By quantifying the impact of effect size heterogeneity on model estimates, TS-FIMASEM estimated an 80%

CV␤ from ⫺.14 to .22. The interpretation of this finding is that
even though the effect in the average study is positive and statistically significant, the effect in future studies may be positive,
negative, or null. This should temper the analyst’s conclusion that
burnout has a positive effect on accidents, because in a substantial
portion of the population of studies, the effect is negative. A
similar conclusion can be drawn about the effect of F1 on S2 in
published Study 17 (see Table 7). Both traditional MASEM and
TSSEM suffer from this issue, reporting statistically significant
effects for this study when the respective effect size heterogeneity
extensions report 80% CV␤ that include zero.
In terms of fit indices, published Study 17 estimated a fully
saturated model, and thus exhibited perfect fit (i.e., zero degrees of
freedom) in all MASEM analyses. However, we were able to
assess the theoretical model of published Study 15, which demonstrated a good fit to the population according to the traditional
MASEM fit indices (CFI ⫽ .99, SRMR ⫽ .02). Nevertheless,
FIMASEM fit indices suggested that the theoretical model
achieved acceptable fit only for 36% (based on CFI) or 81% (based
on SRMR) of the population. TSSEM fit indices of the same model
showed that this proposed model did not fit the population data
well (CFI ⫽ .69, SRMR ⫽ .12). Extending upon these findings,
TS-FIMASEM results indicated that the proposed model achieved
acceptable fit for 0% of the population based on either CFI or
SRMR. Thus, TSSEM and TS-FIMASEM come to consistent
conclusions about model fit (i.e., the model is not a very good
representation of phenomena in the population). However, the
conclusion based on TSSEM and TS-FIMASEM is different from
that of traditional MASEM and FIMASEM, as they are based upon
fundamentally different assumptions about the dependence of effect sizes and the meta-analytic pooling techniques to be applied to
the data. From our perspective of developing the two MASEM
extensions, it is not clear whether TSSEM or traditional MASEM
offers a more accurate picture of the model, but simply that the two

Table 6
TSSEM and TS-FIMASEM Results From Published Study 15
Structural paths

V&O ␤a

FIMASEM ␤¯ [80% CV]b

TSSEM ␤b

RH¡Burnout
SC¡Burnout
RH¡Compliance
SC¡Compliance
Burnout¡AE
Compliance¡AE
SC¡Accidents
Burnout¡Accidents
Compliance¡Accidents
Fit indices
2/ 2
CFI/% CFI ⬎ .90
SRMR/% SRMR ⬍ .10

.14ⴱ
⫺.07ⴱ
⫺.43ⴱ
.46ⴱ
.23ⴱ
⫺.30ⴱ
⫺.09ⴱ
.01
⫺.03

.14 [⫺.03, .31]
⫺.07 [⫺.27, .14]
⫺.43 [⫺.59, ⫺.27]
.47 [.33, .62]
.23 [.02, .43]
⫺.30 [⫺.47, ⫺.13]
⫺.09 [⫺.28, .10]
.00 [⫺.19, .19]
⫺.03 [⫺.25, .20]

.19ⴱ
⫺.15ⴱ
⫺.55ⴱ
.49ⴱ
.22ⴱ
⫺.41ⴱ
⫺.11ⴱ
.10ⴱ
⫺.14ⴱ

36.45
.99
.02

587.49
36%
81%

167.30
.69
.12

TS-FIMASEM
␤¯ [80% CV]b
.13 [⫺.02, .29]
⫺.08 [⫺.23, .08]
⫺.43 [⫺.68, ⫺.18]
.41 [.22, .59]
.22 [.04, .39]
⫺.31 [⫺.53, ⫺.09]
⫺.11 [⫺.26, .05]
.04 [⫺.14, .22]
⫺.05 [⫺.28, .18]
2409.90
0%
0%

Note. TSSEM ⫽ two-stage structural equation modeling; TS-FIMASEM ⫽ two-stage full-information meta-analytic structural equation modeling;
V&O ⫽ Viswesvaran & Ones; FIMASEM ⫽ full-information meta-analytic structural equation modeling; 80% CV ⫽ 80% credibility interval for the path
coefficient; RH ⫽ Risks and Hazards; SC ⫽ Safety Climate; AE ⫽ Adverse Events; CFI ⫽ comparative fit index; SRMR ⫽ standardized root mean square
residual. Coefficients are standardized.
a
Based on uncorrected correlations. b K ⫽ 117 (four studies removed based on being nonpositive-definite), and all missing values were replaced with
the weighted mean corrected correlation (multiple imputation would not run due to correlated missingness).
ⴱ
p ⬍ .05.
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Table 7
TSSEM and TS-FIMASEM Results From Published Study 17
Structural paths

V&O ␤a

FIMASEM
␤¯ [80% CV]b

TSSEM
␤c

TS-FIMASEM
␤¯ [80% CV]c

F1¡S2
S1¡F2
F1¡F2
S1¡S2
Fit indices
2/ 2
CFI/% CFI ⬎ .90
SRMR/% SRMR ⬍ .10

.05
.03
.48ⴱ
.54ⴱ

.05 [⫺.09, .19]
.02 [⫺.10, .15]
.48 [.37, .60]
.53 [.43, .63]

.06ⴱ
.02
.53ⴱ
.63ⴱ

.06 [⫺.03, .14]
.02 [⫺.03, .08]
.46 [.35, .56]
.53 [.45, .61]

.00
1.00
.00

.00
100%
100%

.00
1.00
.00

99.23
4.2%
1.8%

Note. TSSEM ⫽ two-stage structural equation modeling; TS-FIMASEM ⫽ two-stage full-information metaanalytic structural equation modeling; F ⫽ Family interference with work; F1 ⫽ Family interference with work
time1; F2 ⫽ Family interference with work time2; S ⫽ Strain; S1 ⫽ Strain Time1; S2 ⫽ Strain Time2; V&O ⫽
Viswesvaran & Ones; FIMASEM ⫽ full-information meta-analytic structural equation modeling; % CV ⫽ 80%
credibility interval for the path coefficient; CFI ⫽ comparative fit index; SRMR ⫽ standardized root mean
square residual. Coefficients are standardized. Computed SD values were noticeably higher than those reported
in the original manuscript.
a
Based on uncorrected correlations. b Based on bare-bones meta-analysis of individually corrected correlations. c K ⫽ 12 (eight studies removed based on being nonpositive-definite).
ⴱ
p ⬍ .05.

converge on different solutions based on their consideration of the
sources of variability and dependence of effect sizes.

General Discussion
MASEM procedures, as they are currently used in applied
psychology and management, are ineffective in incorporating and
quantifying effect size heterogeneity, which can lead to inconsistent or even erroneous conclusions. The existing MASEM techniques, traditional MASEM (Viswesvaran & Ones, 1995) and
TSSEM (Cheung, 2014), both recognize the presence of effect size
heterogeneity in meta-analytic results. Yet neither fully quantifies
how effect size heterogeneity leads to a distribution of SEM
estimates that stem from the meta-analytic results. This presents a
problem in that scholars using the technique must ignore the effect
size heterogeneity they observe in meta-analysis when they estimate the SEM. Because neither MASEM technique quantifies the
distributions of path estimates and model fit indices in the presence
of effect size heterogeneity, we introduce FIMASEM and TSFIMASEM in the current study as a tool to better understand the
impact of effect size heterogeneity on the conclusions of MASEM
studies. FIMASEM and TS-FIMASEM thus serve as supplementary tools to existing MASEM procedures and illuminate the
distribution of model parameters in a population of studies. In this
way, FIMASEM and TS-FIMASEM demonstrate the problem of
effect size heterogeneity and suggest a continued need for
MASEM techniques that offer a more complete picture of effects
in the population.
We demonstrated the problem of effect size heterogeneity in
two studies. First, we conducted six simulations in Study 1, which
highlighted the ways in which the presence of effect size heterogeneity can lead to biased conclusions in traditional MASEM and
TSSEM. In Study 2, we reanalyzed 20 published MASEM studies
using all MASEM techniques available for each study. A key
finding consistent across both studies was that traditional MASEM
and TSSEM overestimated the extent to which MASEM results are
generalizable to the population, whereas FIMASEM and TS-

FIMASEM offered new information about the generalizability of
the MASEM results by quantifying effect size heterogeneity and
producing full information about the distributions of model estimates. Our findings suggest existing MASEM techniques, in their
current form, offer a less complete assessment of theoretical models and their generalizability.

Implications for Research and Practice
FIMASEM highlighted the problem of effect size heterogeneity
in MASEM research, illustrating several opportunities to advance
theory and inform practice by accounting for and quantifying
effect size heterogeneity. First, the width of CV␤ provides additional information that can direct future research on the presence of
moderators where wider credibility intervals indicate stronger
moderation effects (McEvoy & Cascio, 1987; Whitener, 1990).
Consistent with Edwards and Berry’s (2010) call for increasing
theoretical precision in management research, credibility intervals
allow researchers to identify and specify boundary conditions in
subsequent analysis or future empirical studies through a multivariate, rather than a bivariate, analysis.
Second, the analysis of the distribution of fit indices offers
insights on when or under what conditions one particular theory
receives stronger support than alternative theories. Simple models
may have better overall fit, but less generalizability than complex
models or vice versa. Accounting for true score effect size heterogeneity and evaluating on the impact of heterogeneity allow for
the delineation of the best fitting model from the most generalizable model. FIMASEM estimates this by bootstrapping from a
distribution of  and SD that can be further used in SEM to
estimate a distribution of model parameters. Because it provides
more information about the distribution of model estimates in the
population of studies, FIMASEM demonstrates how the incorporation of effect size heterogeneity into MASEM can expand theory. For example, a theoretical model that only generalizes to a
small portion of a population should encourage future studies to
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specify boundary conditions or explore alternative theoretical explanations based on the assessment of model fit.
Third, the idea of examining a distribution of estimates through
credibility intervals is consistent with Bayesian logic that moves
MASEM research away from null hypothesis significance testing
(e.g., Orlitzky, 2012; Zyphur & Oswald, 2015). Instead of adopting a frequentist perspective about the likelihood of obtaining a
model estimate were the null hypothesis is true, researchers can
make more credible inference based on the probability that a
meaningful effect of a certain size or direction for a particular path.
Such direct inference cannot be accomplished through null hypothesis significance testing, which comes along with several limitations (Nickerson, 2000). Future MASEM scholars can use
FIMASEM and TS-FIMASEM extensions to quantify the distributions of effects and overcome some limitations of null hypothesis significance testing and pursue Bergh et al.’s (2016) recommendation to use MASEM to evaluate comparative fit of
alternative models in with an experimental approach to identifying
which models empirically generalize the best.
Resolving the problem of effect size heterogeneity in MASEM
also would allow practitioners to assess the extent to which results
from a study are likely to manifest in their organizations. We
achieve this using MASEM to interpret the percent generalizability
on model fit indices. For example, five out of the 20 MASEM
models had SRMR value less than .10 in all of the 500 iterations
(100%). This implies that the theoretical models reported in these
five studies generalize to the whole population. Because there is a
high probability that these models will fit in future studies of these
sets of constructs, practitioners can take the results and implications of those studies with more confidence. In contrast, some
studies exhibited relatively poor generalizability in the FIMASEM
procedure, but they achieved acceptable model fit in the traditional
MASEM procedure. More specifically, the fit indices of the fixed
effect model of published Study 14 both passed the traditional
thresholds (i.e., CFI ⫽ .98, SRMR ⫽ .05), whereas its random
effect model suggested a low degree of generalizability. Only 21%
out of 500 conditions obtained SRMR values less than .10. For
about four-fifths of the population, there remain alternative models
that better explain antecedents of union participation.
Practitioners may also assess the risk and effectiveness of certain workplace interventions or HR policies based on the distributions of relevant path coefficients. In our example FIMASEM,
prounion attitudes was positively related to union commitment for
93% of the population, despite that the magnitude of the positive
effect varied across different subpopulations. In contrast, the effects of organizational commitment and job satisfaction on union
commitment were positive for only 61% and 51% of the population, respectively. For organizations designing policies related to
union commitment and participation, the results of published
Study 14 suggest that workers’ prounion attitudes would be a more
credible factor to consider than workers’ level of organizational
commitment and job satisfaction.

Traditional MASEM Versus TSSEM
We developed FIMASEM and TS-FIMASEM as complementary tools to the traditional MASEM and TSSEM. However, a
reader might question which MASEM technique to employ in
future research. As summarized in Table 1, the answer to this

question lies in part in the specific research context, including: the
dependence among effect sizes, the availability of primary data,
and the researcher’s need for statistical inference. First, if effect
sizes are fully independent from one another, traditional MASEM
(and thus FIMASEM) is appropriate. To the extent that the assumption of independence is violated, scholars may utilize the
multivariate approach in TSSEM (Cheung, 2014) and thus TSFIMASEM. TSSEM offers a more robust statistical significance
test of model estimates by taking into account of the dependence
among effect sizes than does traditional MASEM. In our reanalysis, published Study 15 and 17 had similar effects regardless of
the base MASEM techniques used, which conforms to simulation
results suggesting violations of effect size independence may not
be as problematic as once thought (Schmidt & Hunter, 2015;
Tracz, Elmore, & Polhmann, 1992). However, TSSEM should in
theory offer estimates that are more robust to violations of the
assumption of independence of effect sizes.
Second, one practical challenge of applying TSSEM and TSFIMASEM is the availability of primary data for a particular
MASEM. In applied psychology and management, it is not uncommon for primary studies to only examine a part of a larger
theoretical model, or for MASEM scholars to synthesize theory
and test effect sizes from studies in disparate literatures. For this
reason, a MASEM researcher examining an integrative model may
not be able to identify at least one primary study that has complete
correlations among all study variables. This is a necessary condition to perform TSSEM and, by extension, TS-FIMASEM. Traditional MASEM, in combination with FIMASEM, has less strict
data requirements, allowing for analysis even when no primary
study has examined all of the variables in the model. For this
reason, scholars may find traditional MASEM (and thus
FIMASEM) to be more flexible for synthesizing diverse perspectives in a weak paradigm field (Glick, Miller, & Cardinal, 2007).
Finally, FIMASEM and TS-FIMASEM influence neither significance levels nor standard errors (nor, by extension, confidence
intervals) of model estimates, but the significance tests of traditional MASEM and TSSEM differ. Both traditional MASEM and
TSSEM provide standard errors that can be used to construct
confidence intervals around SEM estimates. However, because
TSSEM adjusts for effect size dependence and heterogeneity, it
offers an advantage in conducting statistical significance tests and
constructing confidence intervals (Cheung, 2015). Thus, researchers should rely on TSSEM where possible to compute more
accurate confidence intervals. The FIMASEM and TS-FIMASEM
extensions focus on credibility intervals, which offer distinct information in meta-analysis (Whitener, 1990). Whereas confidence
intervals focus on the accuracy and statistical significant of a
meta-analytic estimate, credibility intervals represent the generalizability of the meta-analytic estimate (Schmidt & Hunter, 1977).
Thus, the extensions focus on a different interval than the base
techniques. Researchers interested in confidence intervals should
use TSSEM, if possible, and traditional MASEM, if TSSEM
cannot be conducted, to retrieve standard errors required to construct confidence intervals.

Limitations and Future Directions
The FIMASEM extensions focus primarily on one criticism of
the current MASEM techniques: the failure to incorporate effect
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size heterogeneity from meta-analytic results to the estimation of
SEMs. It is important to note that as extensions of the traditional
MASEM and TSSEM, FIMASEM does not address several other
valid criticisms of both current MASEM techniques. Bergh et al.
(2016) present an exhaustive list of these limitations, and we
advocate future research in this area to continue to improve and
develop MASEM methods. However, the current study also has
limitations in its handling of effect size heterogeneity. We focus
this section on identifying and clarifying these limitations.
First, the present study is limited by our inability to fully
replicate a small number of MASEM articles. Of the 73 articles we
identified, we could only replicate, and thus reanalyze, 20 articles.
Though the 53 eliminated articles were discarded for various
reasons, we cannot refute the possibility that in these 53 studies,
MASEM techniques might have yielded less divergent results
from their respective extensions. It is possible that the 20 models
we reanalyzed are in key ways different from those studies that
used MASEM, but whose findings could not be replicated. For
example, we excluded five studies using SEM with multiple indicators, leaving all 20 models using path analysis. This is because
“lavaan” and LISREL differ in their estimation and reporting of
factor loadings for constructs with multiple indicators. Differences
in factor loadings are likely to have an impact on path estimates.
To make a valid comparison in our study, we only included
MASEM studies that could be reasonably replicated. When corrected effect sizes are pooled to construct matrices, we suggest the
use of path analysis to avoid over correction of measurement errors
(Podsakoff, MacKenzie, & Bommer, 1996). When uncorrected
effect sizes are used, SEM with multiple indicators is generally
preferred. Scholars implementing FIMASEM with multiple indicators should take care when comparing “lavaan” and “Openmx”
outputs to those from other SEM software, and we advocate for
conducting path analysis on individually corrected effects in TSFIMASEM or using artifact distribution techniques (Schmidt &
Hunter, 2015) for FIMASEM where possible.
Second, we applied benchmark values on the CV width that
were converted from Bosco et al.’s (2015) findings based on
field-wide correlations, and we used conventional levels of fit as
cutoffs for CFI and SRMR (McDonald & Ho, 2002). While we
emphasize and encourage reporting information about the entire
distribution of model estimates, the use of cut-off points offers a
strength to management researchers in terms of facilitating the
communication of research. Bosco et al.’s conventions are empirically based and are the best available estimates for building such
conventions. However, Bosco et al. found noticeable variation in
effect sizes across content areas of applied psychology and management, suggesting that these conventions should be adjusted for
different kinds of research. The MASEMs we analyzed crossed
content areas and could not be easily categorized in Bosco et al.’s
coding scheme, but future research should consider using the
content-specific convention where possible.
Third, there are differences in estimates between FIMASEM
and TS-FIMASEM that warrant future research. To some degree
these differences are rooted in the divergent approaches of how
traditional MASEM and TSSEM account for various sources of
variance in . However, the differences appear to be larger than
one would expect strictly from the computational procedures between the two base techniques. Future research comparing the two
base techniques would be valuable in identifying the extent to
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which the two base MASEM approaches produce accurate estimates of population parameters. Such work would help resolve the
differences between FIMASEM and TS-FIMASEM that manifest
due to the underlying base techniques.
Finally, although the results showed the path estimates from
traditional MASEM and TSSEM fell within the 80% CVs derived
from FIMASEM and TS-FIMASEM, there were differences, in
some studies, between the mean estimate in FIMASEM and TSFIMASEM and the point estimate in MASEM and TSSEM. It is
possible that the divergence between these two values is due to the
incorporation of effect size heterogeneity into MASEM. For example, in the Figure 1 model in our simulation, larger XY values
(positive or negative) will result in lower values for ␤XM1 and
␤XM2. Thus, larger values of SDXY will result in generally smaller
␤ values, meaning the mean ␤ in FIMASEM will be different from
the ␤ estimate in MASEM. An alternative source of bias occurs
through the elimination and replacement of non-positive-definite
matrices. Certain combinations of  and SD in a  matrix may
place upper or lower bounds on a given ij, skewing the distribution of ij in the bootstrapped distribution. This bias is theoretically
legitimate— even if bivariate meta-analysis computes a given
SDij, it may be mathematically impossible to observe certain
values of ij given the relationships between other variables in the
model. However, there could be less theoretically legitimate reasons for the bias between the two values. For example, we take a
finite number of iterations in the parametric bootstrap (i.e., 500),
which may necessarily introduce sampling error. Theoretically, the
distribution produced by bootstrap would be equal to the estimated
value produced by the analytical counterpart if the number of
iterations were infinite (Efron, 1987). Such bias could be greatly
reduced by taking a larger number of bootstrap iterations (e.g.,
10,000), which can easily be accomplished in R but cannot technically be accomplished using the online software application. For
current FIMASEM and TS-FIMASEM researchers, we recommend assessing the skewness of  and ␤ prior to constructing 80%
CVs. Future research is also needed to better identify when and
why mean ␤ in FIMASEM deviates from traditional MASEM ␤
estimates.

Conclusion
The combination of random effects meta-analysis and SEM
offers a powerful way to build and test theory (Bergh et al., 2016).
The current research extends a major strength of meta-analysis—
identifying effect size heterogeneity—to SEM in a way that allows
researchers to identify the portion of the population that is represented by a model estimate. Further, our technique builds on
current MASEM techniques by quantifying the impact of effect
size heterogeneity on the distribution of SEM estimates. By applying this technique in research synthesis, scholars have the
opportunity to build more precise theories that more fully explain
the phenomena we observe.
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