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Abstract
Estimation methods for structural equation models with interactions of latent variables were
compared in several studies. Yet none of these studies examined models that were structurally
misspecified. Here, the model-implied instrumental variable 2-stage least square estimator (MIIV2SLS; Bollen, 1995; Bollen & Paxton, 1998), the 2-stage method of moments estimator (2SMM;
Wall & Amemiya, 2003), the nonlinear structural equation mixture model approach (NSEMM;
Kelava, Nagengast, & Brandt, 2014), and the unconstrained product indicator approach (UPI; Marsh,
Wen, & Hau, 2004) were compared in a Monte Carlo simulation. The design included structural
misspecifications in the measurement model involving the scaling indicator or not, the size of the
misspecification, normal and nonnormal data, the indicators’ reliability, and sample size. For the
structural misspecifications that did not involve the scaling indicator, we found that MIIV-2SLS’
parameter estimates were less biased compared with 2SMM, NSEMM, and UPI. If the reliability was
high, the RMSE for all approaches was very similar; for low reliability, MIIV-2SLS’ RMSE became
larger compared with the other approaches. If the structural misspecification involved the scaling
indicator, all estimators were seriously biased, with the largest bias for MIIV-2SLS. In most
scenarios, this bias was more severe for the linear effects than for the interaction effect. The RMSE
for conditions with misspecified scaling indicators was smallest for 2SMM, especially for low
reliability scenarios, but the overall magnitude of bias was such that we cannot recommend any of
the estimators in this situation. Our article showed the damage done when researchers omit
cross-loadings of the scaling indicator and the importance of giving more attention to these
indicators particularly if the indicators’ reliability is low. It also showed that no one estimator is
superior to the others across all conditions.
Translational Abstract
Estimation methods for structural equation models with interactions of latent variables were
compared in several studies. Yet none of these studies examined models that were structurally
misspecified, for example, by omitting cross-loadings or unique factor covariances. Here, four
important methods to estimate such interactions were compared in a Monte Carlo simulation: The
model-implied instrumental variable two-stage least square estimator (MIIV-2SLS; Bollen, 1995;
Bollen & Paxton, 1998), the two-stage method of moments estimator (2SMM; Wall & Amemiya,
2003), the nonlinear structural equation mixture model approach (NSEMM; Kelava, Nagengast, &
Brandt, 2014), and the unconstrained product indicator approach (UPI; Marsh, Wen, & Hau, 2004).
For the misspecifications that did not involve the scaling indicator, we found that MIIV-2SLS’
parameter estimates were less biased compared with 2SMM, NSEMM, and UPI. If the reliability was
high, the RMSE (a measure of estimation accuracy that comprises parameter bias and parameter
variability) for all approaches was very similar; for low reliability, MIIV-2SLS’ RMSE became
larger compared to the other approaches. If the misspecification involved the scaling indicator, all
estimators were seriously biased, with the largest bias for MIIV-2SLS. The overall magnitude of bias
was very high, especially for low reliability scenarios, so that we cannot recommend any of the
estimators in this situation. Our article showed the damage done when researchers omit cross-
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loadings of the scaling indicator and the importance of giving more attention to these indicators. It
also showed that no one estimator is superior to the others across all conditions.
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Models in social sciences are aimed at structuring and organizing complex multivariate data. In order to achieve this goal, a
balance between necessary model complexity and simplicity is
needed. Additional parameters address potential misspecifications
that would impede correct substantive conclusions if omitted.
Model simplicity allows for straightforward interpretations and
also increases model efficiency which is important to test hypotheses with sufficient power (for a given sample size). Structural
equation models (SEM) were developed to account for such higher
complexity by allowing for a simultaneous analysis of multiple
latent variables. SEM were extended to include nonlinear effects
such as interaction effects to test moderation hypotheses (for
empirical applications see, e.g., Dakanalis et al., 2014; Dicke et al.,
2014; Hao, Hong, Xu, Zhou, & Xie, 2015; Kim-Spoon, Ollendick,
& Seligman, 2012; Scalco et al., 2014). However, both linear and
nonlinear SEM typically impose a strict structure on the observed
variables via specific measurement and structural models. In virtually all models there are structural misspecifications. (Bollen,
Kirby, Curran, Paxton, & Chen, 2007; Box & Draper, 1987;
Browne & Cudeck, 1993).
The purpose of this article is to compare different estimators for
nonlinear SEM with interaction effects and to investigate how they
perform under misspecification. For our presentation, it is meaningful to distinguish between “distributional” and “structural” misspecifications (Bollen, Gates, & Fisher, 2018). A distributional
misspecification occurs if distributional assumptions for the variables in the model are violated. For instance, a maximum likelihood estimator that is derived under the assumption of normality
and that is used to analyze nonnormal data implies a distributional
misspecification. A structural misspecification occurs if the structure of the model is wrong. Typical examples include omitted
directed (e.g., cross-loadings) or undirected paths (e.g., unique
factor covariances) in the measurement or the structural parts of
the model.1
Nonlinear SEM should not be viewed as a single approach to
nonlinearity; instead it is characterized by a variety of different
conceptualizations, approaches, and estimators that need to be
distinguished with regard to how they address nonlinearity (for
overviews see Kelava & Brandt, 2014; Kelava et al., 2011; Marsh
et al., 2004; Schumacker & Marcoulides, 1998). Previous simulation studies on nonlinear SEM mainly addressed the problem of
distributional misspecification using nonnormal data for the parameter estimation (e.g., Brandt, Kelava, & Klein, 2014; Marsh et
al., 2004). Nonnormality is a problem encountered often in applied
research (Cain, Zhang, & Yuan, 2016; Micceri, 1989) and needs
specific consideration when developing estimators. In recent years,
one of the main research areas for nonlinear SEM was the development of estimators that are robust to nonnormal distributions,
that is estimators that can differentiate between nonnormality of
the dependent variable induced by a nonlinear effect of the pre-

dictors and nonnormality of the dependent variable induced by a
nonnormal distribution of the predictor variables.
In particular, two estimators have shown good performances in
these situations: The two-stage method of moments estimator
(2SMM; Wall & Amemiya, 2003), which is an errors-in-variable
regression approach that uses factor scores. And, the nonlinear structural equation mixture model approach (NSEMM; Kelava et al.,
2014), which is a full information maximum likelihood (FIML)
approach that addresses nonnormality in the data by using a mixture
model. Other approaches such as product indicator (PI) approaches
(e.g., Kelava & Brandt, 2009; Kenny & Judd, 1984; Marsh et al.,
2004; Wall & Amemiya, 2001) or the latent moderated structures
approach (LMS; Klein & Moosbrugger, 2000) showed inflated Type
I error rates in simulation studies when nonnormal data were analyzed
(Brandt et al., 2014; Kelava et al., 2014; Wall & Amemiya, 2003).
Some approaches showed biased estimates even for normal data such
as Mooijaart and Bentler’s method of moments approach (Brandt et
al., 2014; Mooijaart & Satorra, 2009) or Ping’s approach (Kelava,
Moosbrugger, Dimitruk, & Schermelleh-Engel, 2008; Ping, 1996).
Even though some findings showed limitations of the unconstrained
PI (UPI) approach (Marsh et al., 2004), we included it in this study
because it has been used frequently.2
Structural misspecifications on the other hand were hardly investigated. The model-implied instrumental variables two-stage least
squares (MIIV-2SLS) approach is an asymptotically distribution free
estimator that was developed for models that were linear (Bollen,
1996) or nonlinear (Bollen, 1995) in the latent variables. In addition,
it was developed to have greater robustness to structural misspecifications (Bollen et al., 2007). In linear models the finite sample
variance of the MIIV-2SLS estimator was similar to the maximum
likelihood (ML) estimator (Bollen et al., 2007).
In the present article, the performance of estimators for nonlinear
SEM will be investigated for structurally misspecified models with
interaction effects. Here, we focus on structural misspecifications in
the measurement model that include cross-loadings and unique factor
1
Treating dichotomous, ordinal, or count variables as if they were
continuous is another form of misspecification that involves both distributional and structural misspecifications (we do not discuss this issue here,
but see, e.g., B. O. Muthén & Asparouhov, 2009; Song, Li, Cai, & Ip,
2013).
2
We decided not to include Bayesian approaches in this article because
it would open up many other questions, for example, about prior selection
or the actual model specification (e.g., Guo, Zhu, Chow, & Ibrahim, 2012;
Kelava & Nagengast, 2012; Song et al., 2013; Song, Lu, & Feng, 2014;
Yang & Dunson, 2010). Approaches such as the one by Lee, Song, and
Tang (2007) can be viewed as standard Bayesian implementations because
they use a standard model with standard priors. With the sample sizes used
here, this approach would not show any substantive differences to ML
estimators such as LMS. Formally, LMS and Lee et al.’s (2007) approach
have the same likelihood parts; with increasing sample sizes the influence
of the prior on the posterior is getting smaller, thus leading to similar
estimates. Simulation results not presented here confirmed this.
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covariances (“error” covariances) that can be detected only in some
situations. Particularly in situations where they cannot be detected,
robustness of the approaches is essential to prevent spurious estimates
in the latent variable model part which may lead to wrong substantive
conclusions.
The remainder of the article is structured as follows: We provide
a concise description of the four approaches and evaluate their
properties in situations with structural and distributional misspecifications. We investigate methods to detect structural misspecifications using model fit criteria. In a simulation study, we then
examine different types of misspecifications. A large range of
different conditions (reliability of indicators, sample sizes) is covered and several types of structural and distributional misspecifications for nonlinear SEM are investigated. Finally, we conclude
with a discussion of the results in the context of the estimation of
nonlinear SEM and provide recommendations for applied researchers.

Properties of the Estimators

AQ: 4

In this section, we will present details about four approaches
(2SMM, NSEMM, MIIV-2SLS, UPI) including their main principles and their expected performance under different types of
empirically relevant distributional and structural misspecifications.

2SMM
The 2SMM approach (Wall & Amemiya, 2003) is an errors-invariables regression that estimates factor scores in a first stage and
uses them in a regression for the structural model in a second stage.
Model. The first stage is conducted by estimating a confirmatory factor model (CFA) for the indicator variables x, y using the
measurement model
x ⫽ ␣x ⫹ ⌳x ⫹ ␦
y ⫽ ␣y ⫹ ⌳y ⫹ ⑀,

(1)

where ␣x, ␣y are intercepts, ⌳x, ⌳y are factor loading matrices, and
␦, ⑀ are unique factors with means of zero that are uncorrelated
with  and . Their covariance matrices are ⌰␦, ⌰⑀.  includes all
latent predictor variables and  is the latent dependent variable. A
joint covariance matrix ⌽ⴱ is used for all latent variables , .
Using estimates from this model, we can obtain Bartlett factor
scores ˆ , ˆ .
For example, for two latent predictor variables and one latent
dependent variable with three indicators each (and standard scaling
constraints), the measurement model is
␦1
␦2
␦3
␦4
␦5
␦6
⑀1
⑀2
⑀3

冢 冣 冢 冣冢 冣 冢 冣
x1
x2
x3
x4
x5
x6
y1
y2
y3

⫽

0
␣x2
␣x3
0
␣x5
␣x6
0
␣y2
␣y3

1
0
0
x21 0
0
x31 0
0
0
1
0
0 x52 0
0 x62 0
0
0
1
0
0 y21
0
0 y31

冉冊
1
2


⫹

.

(2)
In the second stage, we use these Bartlett factor scores to
estimate the regression coefficients for the (latent variable) structural model

3

 ⫽ ␣ ⫹ ␥1 ⫹ ␥2h() ⫹ ␥3x0 ⫹ ,

(3)

where ␣ is a latent intercept, ␥1 to ␥3 are vectors that include
coefficients for the linear and nonlinear effects, x0 is a vector of
observed covariates, and  is a residual term. The function h(·)
provides a vector that includes all nonlinear terms of the model
(e.g., 12 or 12; see Bollen, 1995, p. 229).
Extending the example from above with one covariate x0 and an
interaction effect between the two latent predictors, the structural
model is given by
 ⫽ ␣ ⫹ ␥11 ⫹ ␥22 ⫹ ␥3x0 ⫹ ␥412 ⫹ ,

(4)

with ␥1 ⫽ (␥1, ␥2), ␥2 ⫽ ␥4, ␥3 ⫽ ␥3, and h() ⫽ 12.
The 2SMM approach receives estimates by applying an ordinary
least squares (OLS) criterion
␥ˆ ⫽ M̂⫺1m̂,

AQ: 5

(5)

with ␥ ⫽ (␥1, ␥2, ␥3). M̂ includes the corrected sum of squares and
cross-products of the predictor variables (which would refer to X=X
in a regression framework), and m̂ includes the corrected crossproducts between the predictor and dependent variables (which
would refer to X=y in a regression framework). The approach
considers the measurement error in the factor score estimates by
using specific analytically derived corrections in these matrices
(see details in Wall & Amemiya, 2003) that lead to asymptotically
unbiased estimates for the regression coefficients. Standard errors
are derived under the assumption of normality of the unique
factors (errors).
Assumptions and performance. In the first stage, distributional assumptions are needed for the CFA which depend on the
estimator used. For example, in this step we can use a robust ML
estimator with robust sandwich type standard errors. For the second
stage, it is typically assumed that the residuals of the factor score
estimates (e.g., ˆ ⫺ ) are normally distributed, but Wall and
Amemiya (2000) described how the approach can be easily adapted
for nonnormal residuals of the factor score estimates (note that this is
not an assumption about the distribution of unique factors such as ,
⑀, or ␦). Further, the derivation of the second stage standard errors
assumes normality of unique factors but not of the factors (see details
in Wall & Amemiya, 2003). Simulation results showed unbiased
parameter estimates when the variables were nonnormal and there
were no structural misspecifications (Brandt et al., 2014; Wall &
Amemiya, 2003). There are no investigations of 2SMM with structural misspecifications. Research on linear factor score regressions
suggests that a misspecification might not have an effect as strong as
they have in standard SEM (Devlieger & Rosseel, 2017). In the
simulation study, we will investigate if this finding can be extended to
the 2SMM approach.

NSEMM
The NSEMM approach (Kelava et al., 2014) belongs to the class
of full information ML estimators (as does the LMS approach;
Klein & Moosbrugger, 2000). Whereas previous FIML approaches
were sensitive to nonnormality, this approach directly takes nonnormality into account by using a mixture model for the latent
factors.

AQ: 6

APA NLM
tapraid5/met-met/met-met/met99918/met2515d18z xppws S⫽1 9/28/19 7:38 Art: 2018-1297

BRANDT, UMBACH, KELAVA, AND BOLLEN

4

Model. The model for the latent predictors is given by:
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兺c wcc

c ⬃ MVN(c, ⌽c),

(6)

where wc is a mixture component weight with 兺wc ⫽ 1, MVN共·,·兲 is
a multivariate normal distribution and c, ⌽c are class-specific
means and covariance matrices. The approach allows modeling
any kind of nonnormality in the indicators (x) that is due to the
predictor variables because the indicators are a function of the
predictor variables (for a more general description on how to
approximate distributions with finite mixtures see McLachlan &
Peel, 2000).
From a conceptual point of view, the NSEMM approach is a
mixture SEM in which each mixture component can have its own
set of (class-specific) parameters as given in an ordinary parametric (nonmixture) nonlinear SEM with latent interaction and quadratic effects. Given this general property, there are two ways to
specify models with the NSEMM approach. First, all parameters
are modeled class-specific and are estimated separately in each of
the mixture components. If the parameters of each mixture component are interpreted separately (so called direct application;
Bauer, 2007; Titterington, Smith, & Makov, 1985), it implies that
there are relevant subgroups that have been revealed by the mixture model, and the specified models hold for each subgroup. If the
false number of classes was extracted some (or all) of these
parameters might be meaningless (e.g., Bauer & Curran, 2003).
Second, parameter constraints can be imposed on different parameters in the NSEMM approach. In order to compare the parameters of NSEMM to the other approaches here (e.g., 2SMM),
all parameters except of c and ⌽c for the latent predictors’
distribution need to be constrained as class-invariant. This is called
an indirect application. The decision on the number of classes only
affects how well the predictors’ distribution is approximated but
does not change the meaning of the remaining parameters. The
constrained parameters (e.g., factor loadings or regression coefficients) in the measurement and structural (latent variable) models
refer to the same parameters as those from (nonmixture) parametric approaches (for technical details see Kelava et al., 2014).
Specifically, the parameters in Equation 4 refer to the same parameters in NSEMM, 2SMM, MIIV-2SLS, and UPI, that
is, ␥1 (1 ¡ ) is a linear effect and ␥4 (1 ⫻ 2 ¡ ) is an
interaction effect.3 In this article, we were interested in the capability of the NSEMM approach to approximate nonnormally distributed latent factors and to obtain parameter estimates which are
comparable to traditional parametric approaches to nonlinear
SEM. Thus, we decided to use this indirect application of the
NSEMM approach.
For estimation, the overall marginal likelihood is derived as a
mixture of conditional densities:
L⫽

兿i 共兺c wc f c共(x⬘, y⬘)i⬘ | x0i兲兲

(7)

(see Kelava et al., 2014), where the density function fc needs to be
approximated numerically (because of the nonlinear effects), for
example, using Hermite-Gauss quadrature in an expectation maximization (EM)-type algorithm (see, e.g., Dempster, Laird, &
Rubin, 1977; Klein & Moosbrugger, 2000) within each mixture
(under the assumption that data are normally distributed within
each mixture component). The overall likelihood can be approxi-

mated again by applying numerical methods (which is then a
nested EM algorithm) and ML estimates of the overall marginal
likelihood are obtained.
Assumptions and performance. The NSEMM procedure incorporates a model for nonnormality of the indicator variables of
the independent variables.4 One of the main assumptions underlying such approaches is that the distributional and the structural
model is correctly specified. If this strong assumption holds, the
approach should attain the asymptotic efficiency of ML systemwide estimators. Simulation studies supporting this efficiency for
finite sample sizes in more complex models such as this latent
nonlinear mixture model are sparse (e.g., Kelava et al., 2014; Wall,
Guo, & Amemiya, 2012) and the performance of these models still
needs further research.
If this strong assumption of correct model specification does not
hold, which is likely to be true in practice, the full information
approach might turn to a disadvantage in that it can spread bias
throughout the system.
Simulation studies showed that the NSEMM approach provides
asymptotic unbiased parameter estimates in the presence of nonnormal data and for a model with no structural misspecifications (Kelava
et al., 2014). In typical empirical situations, two or three mixture
components are often sufficient to account for the nonnormality
but can also be tested using information criteria. Wall et al. (2012)
investigated CFA mixture models and found for medium to strong
nonnormality conditions that two-class solutions lead to a smaller root
mean square error (RMSE) for factor loadings or regression coefficients than models with more classes. They further stated that with
increasing numbers of classes the estimation became more complicated (e.g., due to multimodal likelihood functions) and that a better
approximation of the factor distribution might not necessarily reduce
bias or the RMSE for the parameters of interest.
With regard to structural misspecifications, it can be expected
that this approach produces biased estimates, which is a typical
finding for FIML approaches that estimate all parameters simultaneously (for linear SEM see, e.g., Bollen et al., 2007; Bollen,
Kolenikov, & Bauldry, 2014). Furthermore, research has shown
that the number of classes extracted can be driven by misspecifications, that is, additional spurious classes might be extracted that
do not represent heterogeneity based on the underlying distribution
(Bauer & Curran, 2003).
3

Note that there are other indirect applications (e.g., Bauer, 2005) that
use constraints only for the parameters in the measurement model (to retain
the same meaning of the factors across components). Class-specific regressions between the latent variables are then estimated in each component. In
this case, ␥1c and ␥4c from the example above (where the subscripts here
indicate that the parameters are class-specific) are interactions between the
predictors and the categorical class variable (1 ⫻ c ¡  and 1 ⫻ 2 ⫻
c ¡ ). Instead of interpreting these class-specific parameters in each
component, they are then aggregated across classes to approximate nonlinear (curvilinear) relationships and nonnormal distributions without any
reference to underlying, relevant subgroups (and thus, this is still called an
indirect application, cf. Bauer, 2007).
4
If only a single class is specified the model implicitly assumes normal
data. It is then similar to LMS (Klein & Moosbrugger, 2000) if an ML
estimator is used or to QML (Klein & Muthén, 2007) if a quasi-ML
estimator is used. The procedure developed by Lee and Zhu (2002) is also
very similar to LMS and the main difference is the numerical approximation of the density function. All three approaches should theoretically have
similar estimation characteristics.
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MIIV-2SLS
The MIIV-2SLS approach is a limited information approach that
uses instrumental variable methods to estimate latent effects in
nonlinear SEM (Bollen, 1995; Bollen & Paxton, 1998).
Model. For estimation, the latent variable model is reformulated as a model in observed variables selecting one scaling indicator per factor that uniquely loads on the factor (here, y1 and a
vector x1):
y1 ⫽  ⫹ ⑀1

This document is copyrighted by the American Psychological Association or one of its allied publishers.
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Equation 3
È

⫽ ␣ ⫹ ␥1 ⫹ ␥2h() ⫹ ␥3x0 ⫹  ⫹ ⑀1
⫽ ␣ ⫹ ␥1(x1 ⫺ ␦1) ⫹ ␥2h(x1 ⫺ ␦1) ⫹ ␥3x0 ⫹  ⫹ ⑀1
⫽ ␣ ⫹ ␥1(x1) ⫹ ␥2h(x1) ⫹ ␥3x0 ⫹ u

(8)

because  ⫽ x1 ⫺ ␦1 (see details, e.g., Bollen, 1995). u is a disturbance term that is comprised of a weighted sum of ␦1,  and ⑀1.
Using the example from above with the scaling indicators of the
exogenous variables x1 and x4, the vector x1 is (x1, x4, x1x4) and the
estimating equation is given by
y1 ⫽ ␣ ⫹ ␥1x1 ⫹ ␥2x4 ⫹ ␥3x0 ⫹ ␥4x1x4 ⫹ u.

(9)

Due to the composition of the disturbance term u, it is correlated
with x1, which would result in biased OLS estimates. Hence, an
instrumental variable (IV) approach for estimation is appropriate,
which addresses the violated assumption of uncorrelated u and x1.
In contrast to IV approaches often applied in econometrics (e.g.,
Angrist & Krueger, 2001) where the search for appropriate instruments is of main interest, the instruments in the SEM framework
are model-implied, that is, they can be found among the indicators
and some product indicators for the latent factors (an algorithm to
select the appropriate indicators can be found in Bollen, 1995;
Bollen & Bauer, 2004; Bollen & Paxton, 1998). These modelimplied instrumental variables (MIIVs) need to fulfill several
conditions (for details see Bollen, 1995). Let x2 include the MIIVs.
First, x2 must correlate with x1 and their covariance matrix must
equal the rank of x1. Second, there must be at least as many MIIVs
in x2 as there are in x1. Third, the MIIVs in x2 must not correlate
with the composite error term in the equation in which they are
used. Bollen (1995) and Bollen and Paxton (1998) discuss the
selection of MIIVs in models with nonlinear terms for the latent
variables. In the model here, the remaining indicators and their
products are instruments in x2.
For estimation, two parts are relevant: First, an OLS regression
of the predictor variables in xⴱ1 ⫽ 共1, x1兲 on the instruments x2 is
used to estimate the predicted score x̂ⴱ1:
x̂ⴱ1 ⫽ 共共x2⬘ x2兲⫺1 x2⬘ xⴱ1兲x2 .

(10)

These scores are asymptotically uncorrelated with the disturbance term u in Equation 8 given the model specification. In the
second part, an OLS estimate for y1 on the predicted scores x̂ⴱ1 is
conducted which gives the coefficients
␥ˆ ⫽ 共x̂ⴱ1 x̂ⴱ1兲⫺1x̂ⴱ1y1 .

(11)

Using both equations, estimates can be obtained directly. For the
example in this section, a full set of MIIVs is given by x2 ⫽ (x2,
x3, x5, x6, x2x5, x2x6, x3x5, x3x6, x0).
Assumptions and performance. One major advantage of the
MIIV-2SLS estimator is that all parameters are estimated in closed

5

form that always has a solution (no nonconvergence issues) as long
as 共x2⬘ x2兲 and 共x̂ⴱ1 x̂ⴱ1兲 have inverses. Furthermore, the MIIV-2SLS
estimator is an asymptotically distribution-free and consistent estimator. Because the MIIVs are chosen based on the model structure, the MIIVs of a given equation will satisfy this assumption for
a correctly specified model. If any of the MIIVs correlate with the
error, then this implies a structural misspecification in the model
and raises the potential for biased estimates. As a consequence, it
is very important to test this assumption, for example, using
overidentification tests (see below).
In order to examine its robustness, Bollen et al. (2007) investigated how the MIIV-2SLS performed when applied to misspecified linear SEM. They found that compared with ML, the MIIV2SLS estimator was more robust to structural misspecifications
elsewhere in the system. They also found that the standard deviations of the estimates of MIIV-2SLS and ML were very similar.
Schermelleh-Engel, Klein, and Moosbrugger (1998) looked at the
MIIV-2SLS estimator for interactions of latent variables compared
with an ML based procedure and found the ML based procedure to
be more efficient. However, their simulation design was limited.
Our study will see if such differences persist in a more extensive
design for interaction models.

UPI
The UPI approach uses product indicators to identify the latent
product terms in Equation 3. Several types of PI approaches were
developed that used different amounts of constraints, whereby the
first implementation constrained all parameters of the measurement model for the PIs (Jöreskog & Yang, 1996; Kenny & Judd,
1984) that were more and more relaxed in subsequent steps (e.g.,
Marsh et al., 2004; Wall & Amemiya, 2001).
Model. The UPI model extends the measurement model from
Equation 1 for the PIs with
h(x) ⫽ ␣hx ⫹ ⌳hxh() ⫹ ␦hx ,

(12)

where no restrictions are imposed on ␣hx, ⌳hx or the unique factor
covariance matrix ⌰␦hx (i.e., “unconstrained”).
For the example above, products of indicators from 1 and 2 are
used to form a typical set of matched pairs of PIs h(x) ⫽ (x1x4,
x2x5, x3x6)= for the product term 12, or an all-pairs set of h(x) ⫽
(x1x4, x1x5, x1x6, x2x4, x2x5, x2x6, x3x4, x3x5, x3x6)= (for an evaluation of different strategies see, e.g., Foldnes & Hagtvet, 2014;
Little, Bovaird, & Widaman, 2006; Marsh et al., 2004). The model
is estimated using ML (or its robust version MLR) where the
product terms are treated as additional variables in the model
(similar to a regression analysis with product terms).
Assumptions and performance. As in any SEM approach,
the main assumptions of the approach are a correct model specification and a normality assumption for all variables in the model.
The normality assumption is always violated in the UPI approach
due to the PIs even if the indicators themselves are normally
distributed (e.g., Brandt et al., 2014; Kelava et al., 2011). The
correct specification of the UPI approach becomes more sophisticated when models include more than a single interaction effect or
when the all-pairs strategy is used because additional unique factor
covariances between the product indicators need to be specified to
avoid misspecification of the model (e.g., between x1x4 and x1x5 or
x2x4; Kelava & Brandt, 2009).
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The UPI approach has been investigated repeatedly for conditions of normal and nonnormal data. For normal data, the UPI
approach showed a good performance that was comparable to
LMS (e.g., Klein & Moosbrugger, 2000). For nonnormal data, the
approach showed small parameter bias (e.g., Marsh et al., 2004),
but provided increased Type I error rates under some conditions
(Brandt et al., 2014; Kelava et al., 2014) due to an underestimation
of the standard errors (even with robust sandwich type standard
errors obtained via MLR). Even adding additional measurement
error covariances between the PIs (e.g., x1x4) and the indicators
(e.g., x1) in order to avoid misspecification of the approach does
not help to avoid this problem. There have been no investigations
of this approach for structurally misspecified models yet.

Comparison of the Approaches
There are several comparisons that we can make between these
four approaches. The NSEMM and the UPI approach are systemwide ML estimators. This can be an advantage or disadvantage. It
can be an advantage if the model is correctly specified. In principle, this is never the case for the UPI approach because of the
violation of the normality assumption due to the PIs. Theoretically,
NSEMM is an efficient procedure if the correct number of classes
is used. However, the mixture is used to approximate a distribution
and no assumption about underlying unobserved groups is made.
So, the answer to a correct number may be difficult. Practically,
two to three groups are sufficient and it has been shown in
simulation studies that NSEMM performs similarly to other ML
procedures (LMS) with regard to efficiency (Kelava et al., 2014).
It can be a disadvantage because the efficiency comes at a cost: if
the model is misspecified parameter estimates are biased. In this
situation, efficiency might not be an interesting property of the
estimators at all, and other criteria such as biased estimates of
parameters are more important. There has been no investigation
about the performance of these approaches under misspecification.
2SMM and MIIV-2SLS are limited information estimators,
though different. 2SMM first estimates the measurement model
and predicts factor scores before using these factor scores in the
latent variable model with the nonlinear term. The MIIV-2SLS
does not need to estimate the measurement model and can directly
estimate the equation with the nonlinear latent variable terms.
2SMM assumes normally distributed unique factors. Its properties
under structural misspecification have not been investigated but
research on linear factor score regression indicated that the method
might be less prone to bias compared to full information approaches in the SEM framework. The MIIV-2SLS does not assume
normality and it is robust to structural misspecifications that do not
alter the MIIVs for an equation as long as that equation includes
the appropriate variables.
Another interesting property concerns the scaling indicators.
This issue is rarely studied in SEM. The ML estimator has a scale
invariant property, though lesser known research has shown that
this does not guarantee identical significance tests for coefficients
(de Pijper & Saris, 1982; Gonzalez & Griffin, 2001). The MIIV2SLS estimator uses the scaling indicator as a “proxy” for the
latent variable, so it would seem that a poor choice of scaling
indicators could have adverse effects on its estimates though this
remains an understudied issue. The 2SMM approach is based on a
CFA that should also extend the scale invariance to this approach.

If the approach is robust against such a violation depends on if the
distribution of the factor score estimates is a good proxy for the
actual distribution.

Model Fit
The topic of model fit in nonlinear SEM is complex. Several
articles proposed different methods to evaluate model fit or at least
parts of the model fit.
Global model fit. Global model fit in linear SEM is predominantly based on the likelihood ratio 2 test when using ML
estimation. The test is based on a discrepancy in the likelihood
between the target model and a saturated model. This saturated
model is provided by the covariance matrix of the observed variables. For nonlinear SEM, the covariance matrix is not a saturated
model (Klein & Schermelleh-Engel, 2010). No alternative saturated model has been suggested. As a result, the usual likelihood
ratio 2 test that compares the saturated model with the target
model is not yet available for any of the estimators we consider.
Not surprisingly, the 2-based fit indices such as modification
indices, RMSEA, CFI, or TLI are not routinely available either.
Model fit for model parts. In linear SEM, the 2 tests (and
degrees of freedom) from measurement and structural (latent variable) model are additive (McDonald & Ho, 2002) and thus can be
investigated separately. It has been suggested to first fit the measurement model and then include the structural model part in a
second step.
For nonlinear models, this additive structure may not hold
anymore, but the strategy still seems viable. When the scope is to
detect linear misfit in the measurement model such as omitted
cross-loadings or unique factor covariances, a CFA may provide
important information. This CFA can be conducted as a prerequisite for any of the approaches; it is already an important and
mandatory first stage of the 2SMM approach to obtain the factor
scores. It has not yet been investigated if the model fit indices from
this CFA reliably find linear misspecifications in the measurement
model even though the structural model is misspecified because it
does not include the nonlinear structural model.
The structural (latent variable) model part is more complicated
to assess for nonlinear SEM and goes beyond the scope of this
article. More information on detecting omitted nonlinear terms
(such as interaction effects) in the structural model can be found,
for example, in Gerhard, Büchner, Klein, and Schermelleh-Engel
(2017) or Nestler (2015).
Detection of specific misfit. Lastly, it is possible to detect
specific misfit, for example, for single parameters. There are three
possibilities for the estimators we investigate here. First, modification indices (i.e., the Lagrange multiplier test) indicate how
much the likelihood ratio would change if a single additional
parameter were estimated. Although, this method cannot be used
to identify general misspecifications (such as a completely wrong
factor structure), simple misspecifications such as cross-loadings
or unique factor covariances can be identified. Even though changing the modeling strategy from a confirmatory to a more exploratory procedure has been criticized (e.g., Asparouhov & Muthén,
2009), it is still used routinely by applied researchers and has been
suggested as an alternative to global fit indices (e.g., Saris, Satorra,
& van der Veld, 2009). The modification indices are only available
for the UPI approach and 2SMM’s first stage CFA.
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Second, likelihood ratio tests can be conducted to test specific
hypotheses using two (or more) competing nested models.
NSEMM and UPI both provide a loglikelihood value that can be
used to calculate these tests. In addition, information criteria (AIC,
BIC) can be used as descriptive measures to decide upon competing models that are not nested (e.g., when deciding about the
number of classes in NSEMM). One limitation of this test is that
misfit can only be detected if alternative models are actively
specified and estimated by the user. There are not likelihood ratio
tests available for MIIV-2SLS or 2SMM.
Lastly, for limited information approaches such the MIIV-2SLS,
some equations might be unchanged by a structural misspecification elsewhere in the system, so a global test is less relevant.
Instead, specific tests that investigate if the MIIVs in each equation
are valid and useful. The MIIV-2SLS estimator uses an overidentification test for each of these equations. As the name suggests,
this applies only to overidentified equations. These diagnostic tests
apply to equations from the measurement model as well as to the
latent variable equations with interaction terms. There are a number of overidentification tests available. Evidence from Kirby and
Bollen (2009) suggests that the Sargan (1958) test has the best
performance across different sample sizes. We highlight one aspect of this MIIV test. If the structural misspecification does not
change the set of MIIVs for a given equation, then there is no
reason to think that the Sargan test will be significant because the
MIIVs do not correlate with the equation error. Furthermore, the
estimated equation and its MIIV-2SLS estimates would be robust
to the misspecification as long as the estimated equation is correctly specified. Nonlinear misfit in MIIV-2SLS can be detected if
the relevant terms (such as a quadratic term) in the estimation
equations affect the validity of the MIIVs or by using the procedure to detect nonlinear misfit by Nestler (2015).
In this article, we investigate two procedures to detect misfit in
the measurement model. First, we investigate if the imposed structural misspecifications can be detected using the standard fit criteria from a misspecified linear CFA model that is part of the
2SMM procedure or from UPI’s fit criteria. Second, we will use
the Sargan test to determine if the structural misspecifications (i.e.,
instruments correlated with the equation error) are detectable in
our simulation study for the MIIV-2SLS estimator.

Final Remarks
Summarizing this section, we can conclude that approaches for
nonlinear SEM are conceptually very different and might react
differently to either distributional or structural misspecifications.
Both often occur in practical applications but depending on the
estimator they might be difficult to detect in nonlinear SEM.
For SEM in general, full information estimators that consider all
multivariate information simultaneously such as maximum likelihood approaches have been used primarily in SEM. Their performance, however, depends on a correctly specified model, which
often is not the case. Particularly given the difficulties to assess
model fit in nonlinear SEM, it is necessary that approaches have
robust properties against such violations.

Simulation Design
In this section, we examine how well the four estimators
(2SMM, NSEMM, MIIV-2SLS, UPI) react to different conditions

7

of structural and distributional misspecifications. We will present
the simulation setup including a rationale behind the chosen conditions. We will discuss the performance of the estimators. We will
provide information about the possibility to detect misspecifications using model fit criteria.
Typical applications of nonlinear SEM include one latent interaction term between two continuous latent variables in their models; additionally, observed covariates such as age or years of
education which are not involved in the interaction effects are
often included (e.g., Dakanalis et al., 2014; Dicke et al., 2014; Hao
et al., 2015; Kim-Spoon et al., 2012; Scalco et al., 2014). Based on
these recent empirical applications, we specified a structural (latent
variable) model with two latent exogenous variables (1, 2), one
latent interaction (12), and one observed covariate (x0) as the
population model underlying all four simulation studies as presented in Equation 4. Based on reported typical effect sizes (Chaplin, 1991, 2007), we used linear standardized effects of ␥1 ⫽ ␥2 ⫽
␥3 ⫽ .3 and an interaction effect of ␥4 ⫽ .15 (approx. 2.5%
incremental variance explained by the interaction term). The intercept ␣ was set to zero. The predictor variables 1, 2, and x0
had unit variances, zero means and were correlated at .4 (a typical
medium correlation). The variance of the normally distributed
residual  was chosen such that  had unit variance. For each latent
construct, three indicator variables were generated and the measurement model was specified using Equation 1. Without loss of
generality, intercepts where set to zero. Primary factor loadings
were set to 1 in all models. An illustration of the model is provided
in Figure 1.

F1

Simulation Conditions
We varied six factors in a fully crossed design: The type of
structural misspecifications (Factor A), the size of the structural
misspecification (Factor B), the distributional type of the predictor
variables (Factor C), the reliability of the indicator variables (Factor D), the sample size (Factor E), and the estimator used (Factor
F). In Simulation Study 1, all structural misspecifications affect y2;
in Simulation Study 2, they affect the scaling indicator y1. The data
Conditions A to E can be viewed as between factors; the estimator
used (F) can be viewed as a within factor. All conditions are
summarized in Table 1.
Misspecification of scaling versus nonscaling indicator.
Simulation Studies 1 and 2 differ in whether one of the nonscaling
indicators (here, y2) of the dependent variable or the scaling
indicator y1 was affected. In Study 1, we imposed structural
misspecifications on y2; in Study 2, we imposed them on y1.
In most SEM, we assume that the scaling indicator loads exclusively on its corresponding latent variable. An incorrect constraint
is likely to bias estimates. NSEMM and UPI are systemwide
estimators so that an omitted latent variable from the scaling
indicator equation holds the potential to bias estimates elsewhere
in the system. The 2SMM depends on the factor scores, so its
potential for bias depends on what the omitted loading for the
scaling indicator does to the factor scores. Finally, the MIIV-2SLS
estimator replaces the latent variable with the scaling indicator
minus its error. This substitution is incorrect if another latent
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Figure 1. True models for simulation Study 1 (good scaling indicator). Omitted cross loading and unique factor
(error) covariances are indicated with dashed lines. Note that product indicators (e.g., x1x4, for 12) are used to
specify the estimating equation in Equation 8 for MIIV-2SLS and to identify the latent product term in Equation
12 for UPI; they are omitted in this path diagram.
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Table 1
Summary of Simulation Design
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Factor
A

Type of miss.

B
C
D
E
F

Size of miss.
Data (S/K)
Reliability
Sample size
Estimator

Factor level
(a) Cross-loading between y2 (or y1) and 2 omitted
(b) Covariance between ⑀2 (or ⑀1) and ␦5 omitted
(c) Cross-loading between y2 (or y1) and x0 omitted
small (.25)
medium (.50)
0/0
1.5/6
3/21
high (.8)
low (.5)
250
500
1,000
NSEMM
2SMM
MIIV-2SLS

UPI

Note. In Study 1, misspecifications refer to y2; in Study 2, they refer to y1 (see Figure 1). miss. ⫽
misspecification; S/K ⫽ skewness/kurtosis; NSEMM ⫽ nonlinear structural equation mixture model; 2SMM ⫽
two-stage method of moments; MIIV-2SLS ⫽ model-implied instrumental variables two-stage least squares;
UPI ⫽ unconstrained product indicator approach.

variable influences the scaling indicator but is omitted and holds
the potential to bias those equations where the incorrect substitution is made. So far, simulation studies have not investigated the
consequences of violating this assumption.
Structural misspecification. Two typical structural misspecifications in measurement models are omitted directed effects from
latent predictors or observed covariates to an indicator (crossloading) and omitted unique factor covariances. In the context of
latent variables, cross-loadings often occur because the simple
structure (one indicator variable only loads on one latent factor) is
too strong of an assumption (e.g., Asparouhov & Muthén, 2009).
An example where this might occur is when age is used to
predict the latent variable fluid intelligence. If one (or more)
indicator variables of the dependent variable include reaction time
(RT) based measures (but the others do not) then these indicators
can be directly influenced by age (Der & Deary, 2006; Salthouse,
1992). In the item response theory (IRT) framework and when
testing measurement invariance a similar problem is often discussed under the topic differential item functioning (DIF) with
regard to covariates such as gender or age (Bauer, 2017; Strobl,
Kopf, & Zeileis, 2015), and hence can be viewed as proto-typical
example of a possible misspecification.
Unique factor covariances might occur in a variety of situations.
For instance, if two indicators share error components distinct
from the latent variable, this can lead the respective errors to
covary. Other situations when these correlated errors might occur
include indicators measured in a similar situation, with similar
wording, or measured with similar methods.
Based on these example, we chose three types of structural
misspecification (see Figure 1): (a) a cross-loading from 2 to y2
(or y1); (b) a unique factor covariance between ␦5 and ⑀2 (or ⑀1);
and (c) a direct effect of the covariate x0 on y2 (or y1). All three
misspecifications are depicted in Figure 1. In Studies 1a– c, all
misspecifications affected y2. In Studies 2a– c, they affected the
scaling indicator y1 (not shown in the Figure). The main differences between Studies a and c are that, in Study a, a latent variable
was used and that this variable was part of the interaction term.
Size of structural misspecification. For the size of the structural misspecifications, two conditions were selected: a (standardized) cross-loading or unique factor correlation of .25 to represent
a small misspecification; and a value of .5 for a medium misspecification. These values are in line with previous research on struc-

tural misspecification in linear models (Bollen et al., 2007; Hsu,
Kwok, Lin, & Acosta, 2015; Hu & Bentler, 1998; Hwang, Malhotra, Kim, Tomiuk, & Hong, 2010; Yuan, Marshall, & Bentler,
2003). Note that some literature suggests that factor loadings
below .4 can be typically ignored (Saris et al., 2009).
Distributional misspecification. Data were generated under
three different distributional conditions in line with typical findings in empirical settings (Cain et al., 2016; Micceri, 1989). Based
on their findings, we included normal data (50th percentile in
Table 2 in Cain et al., 2016), and two different levels of multivariate nonnormality (referring to 75th and 95th percentiles). In order
to determine the univariate skewness and kurtosis necessary to
induce that amount of nonnormality, data for large sample sizes
(N ⫽ 10, 000) were generated using different conditions of nonnormality of the predictor variables. Then, the multivariate nonnormality of all indicator variables was assessed and conditions
were chosen that reflected best the 50th, 75th, and 95th percentile.
This procedure resulted in univariate skewness/kurtosis conditions
for the latent variables of 0/0, 1.5/6, and 3/12. Hence, the simulation covers situations from normal over typical nonnormal up to
extreme nonnormal data conditions.
Reliability and sample size conditions. Two different levels
of reliabilities of the indicators (0.5 and 0.8) were chosen by using
error variances of 1 or 0.25. Three different sample sizes were used
(n ⫽ 250, 500, 1,000). For complex models like ours, past simulation studies (e.g., Wall et al., 2012) have often found that sample
sizes smaller than 500 were insufficient. However, empirical data
sets often include sample sizes of, for example, 250 subjects. The
methods used here might react differently to sample sizes because
NSEMM as a mixture model is more prone to convergence issues,
whereas MIIV-2SLS has closed form solutions and should in
principle work better for smaller sample sizes because it is a
noniterative procedure. Larger sample sizes beyond 1,000 can be
viewed as less typical in psychological research.
Data generation. Data were generated in R using the moment
equations provided by Fleishman (1978) and Vale and Maurelli
(1983) to generate multivariate (non)-normal distributions with
prespecified univariate moments. We tested alternative procedures
in order to ensure that the data generation mechanism did not
influence the test design (Foldnes & Olsson, 2016; Ruscio &
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Kaczetow, 2008), and did not find substantial differences.5 Hence,
our findings were not specific to the data generation method used
here.
Estimators and software implementation. We chose four
different approaches to analyze the data. For the NSEMM approach, models were fitted with two latent classes in Mplus (Version 7; L. K. Muthén & Muthén, 1998 –2012). Ten sets of random
starting values for the initial and four for the final stage optimization were used (standard setting in Mplus).6 The 2SMM estimator was implemented in R for the models fitted in this article. For
the first stage (estimation of measurement model), the package
lavaan (Rosseel, 2012) was used. For the second stage, the moments equations provided by Wall and Amemiya (2003) for parameter estimates and standard errors were implemented in R. The
MIIV-2SLS estimator can be fitted with any standard statistics
package that can perform instrumental variable methods; it was
fitted using the function ivreg from the R package AER (Kleiber &
Zeileis, 2008) with a full set of MIIVs (cf. estimator section
above). The UPI approach was implemented in lavaan using the
“all-pairs” strategy (see the list of PIs in the section “Properties of
the Estimators” above) as suggested by Foldnes and Hagtvet
(2014). It was estimated with a robust MLR estimator using
Hubert-White sandwich standard errors and Yuan-Bentler corrected 2 test statistics.

Summary of Conditions
For each estimator we had a total of 3 (Type of Misspecification) ⫻ 2 (Size of Misspecification) ⫻ 3 (Distributional Misspecification) ⫻ 2 (Reliability) ⫻ 3 (Sample Size) data conditions
within each study (Studies 1 and 2), which resulted in a total of 216
conditions (between factor). For each of these conditions, R ⫽ 200
data sets were generated and analyzed with each of the estimators.

Expectations About Performance of the Estimators
Ideally, we would be able to predict in advance whether an
estimator is robust to a structural misspecification before looking
at the data. We know of no such results for the 2SMM, UPI, and
NSEMM estimators. However, Bollen (2001) and Bollen et al.
(2018) give analytic conditions for the MIIV-2SLS to be robust to
structural misspecification. Though these focused on SEM that
were linear in latent variables, we can use them in this context.
Consider the latent variable equation with the latent variable
interactions in Equation 8. In Study 1a, the MIIVs for this equation
are the same with or without the structural misspecification and
hence the MIIV-2SLS estimator should remain an asymptotic
unbiased estimator of all coefficients. The same is true for Study
1b and 1c.
Study 2 is more consequential for the MIIV-2SLS estimator in
that the scaling indicator is directly affected by the structural
misspecification. In Study 2c, where x0 has a direct effect on the
scaling indicator, the MIIV-2SLS estimate of x0 effect will be a
combination of the factor loading (“1”) and the direct effect of x0
on y1 (␥3). Interestingly, the other coefficients might not be influenced. Studies 2a and 2b are more consequential in that omitting
the path as in Study 2a or the correlated unique factors in Study 2b
changes the MIIVs and hence can bias estimates.
For UPI, NSEMM, and 2SMM, we expect that all misspecifications affect their estimation, particularly ␥2 in Studies a and b,

and ␥3 in Study c. It is unclear if additional linear effects are
affected but previous research on linear SEM showed that effects
of misspecifications might spread out (Bollen et al., 2007; Kaplan,
1988). Based on findings for linear models that compare ML
estimators with factor score regression (Devlieger & Rosseel,
2017), it might be plausible to assume that 2SMM leads to smaller
bias than NSEMM and UPI but given the complexity of the model,
we are hesitant to make stronger statements.

Results of the Simulation Study
In the first part of this section, the possibility to identify misspecifications through means of model fit criteria is investigated.
In the second part, parameter bias and RMSE are investigated.
Across all conditions, convergence rates were 100% for MIIV2SLS and 2SMM, and lay above 99.0% for NSEMM. For UPI,
they were lower and lay in a range between 39.5% (N ⫽ 1000, low
reliability, and nonnormal data for a small misspecification in
Study 1c) and 100% with an average of 81.0%. They were similar
across type and size of the misspecification, but were lower with
increasing sample sizes, low reliability, and nonnormal data.

Model Fit Evaluation
Table 2 summarizes the main results for the model fit evaluation. The model fit did not depend on the distributional form of the
data and we skipped the results for the nonnormal conditions here.
Model fit statistics are most readily available for the 2SMM and
MIIV-2SLS estimator. But even here there is a difference. The
2SMM has model fit statistics for the CFA part of the model, but
not for the latent variable equation with the interaction. The
MIIV-2SLS has test statistics for all overidentified equations
whether they are part of the measurement model or the latent
variable equation with the interaction effect.
Results from the CFA of Stage 1 (Table 2, Part [a]) in the
2SMM approach and the UPI approach (Table 2, Part [c]) were
very similar between Studies 1 and 2, so only results for Study 2
are presented in the table. Further, results for Study 2c were also
very similar to those in Study 2a (both related to omitted cross
loadings) and were thus skipped in the table. The Sargan test
(Table 2, Part [c]) kept the nominal Type I error rate for Study 1
across all conditions (because the estimating equation involving
indicator y1 was not misspecified), and also had similar results for
Studies 2a and 2c.
CFA. For the CFA, the (Yuan-Bentler corrected) 2 test was
responsive to the misspecifications imposed. Medium misspecifications could be detected with a high power when reliability was
high (above 95.0% significant 2 tests); when reliability was low,
a high power was achieved for sample sizes N ⫽ 500 and N ⫽
5
It should be noted though that the method provided by Foldnes and
Olsson (2016) resulted in an unexpected bias for the first latent predictor
but not for the second one. This was a bias related to the data generation
mechanism and not to a characteristic of the estimators. Further, a tendency
could be observed that bias was slightly larger for the Fleishman method
than for the Foldnes-Olsson method. At least in this scenario the claimed
weakness of the Fleishman method could not be observed.
6
Additional simulation results not reported here indicated that the results for NSEMM were not sensitive across different numbers of sets of
random starting values.
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Table 2
Percent Significant (% sig.) Yuan-Bentler Scaled 2 Tests of (a) the Misspecified CFA Model From 2SMM’s Stage 1 and (b) From
UPI’s Nonlinear SEM, as Well as (c) Sargan Tests for Indicators of the Dependent Variable in the (Nonlinear) Latent Variable
Model of MIIV-2SLS for Studies 2a and 2b Under the Condition of Normal Data
Study 2a
Miss

N

Low reliability

Study 2b
High reliability

Low reliability

High reliability

37.5
61.0
97.5
99.5
100.0
100.0

30.0
61.0
88.5
95.0
100.0
100.0

31.9
29.3
48.4
79.0
96.4
100.0

32.8
27.1
34.8
67.2
89.1
100.0

(a) 2SMM’s CFA: % sig. 
80.0
99.5
100.0
100.0
100.0
100.0

2

Small

250
500
1,000
250
500
1,000
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Small

17.0
25.5
58.0
45.0
79.5
99.0

250
500
1,000
250
500
1,000

Medium

(b) UPI: % sig. 2
51.1
66.9
97.8
97.4
100.0
100.0

22.2
12.5
15.1
38.1
41.5
62.4

(c) MIIV-2SLS: % sig. Sargan
Study 2a
Low reliability
Miss
Small
Medium

Study 2b
High reliability

Low reliability

High reliability

N

y1

y2

y3

y1

y2

y3

y1

y2

y3

y1

y2

y3

250
500
1,000
250
500
1,000

4.0
6.0
4.5
4.5
5.0
4.0

16.0
18.0
54.5
36.5
70.0
98.5

13.0
23.5
56.5
35.0
74.5
97.5

4.5
6.0
3.5
6.5
6.5
6.5

72.0
97.5
100.0
99.5
100.0
100.0

67.0
97.5
100.0
100.0
100.0
100.0

29.5
57.5
92.0
82.0
99.0
100.0

30.5
56.0
94.5
92.5
100.0
100.0

34.0
52.0
93.0
91.5
100.0
100.0

16.5
34.0
59.5
65.0
92.5
100.0

28.0
51.0
90.5
92.5
100.0
100.0

34.0
53.0
90.5
86.0
100.0
100.0

Note. N ⫽ sample size; miss ⫽ size of misspecification; 2SMM ⫽ two-stage method of moments; UPI ⫽ unconstrained product indicator approach;
MIIV-2SLS ⫽ model-implied instrumental variable two-stage least square estimator.

1,000 (ⱖ79.5%). For small misspecifications, power was as low as
17.0% (in Study 2a with low reliability, N ⫽ 250). It increased
with increasing reliability and sample size (as expected). In general, power was higher to detect the unique factor covariance in
Study 2b.
However, often the significance of the 2 test is ignored by
researchers and descriptive fit indices are used for model fit
evaluation.7 Here, the descriptive fit indices of the CFA were not
sensitive to the misspecifications across all studies: The CFI lay
between .94 and 1.00, the TLI between .91 and .99, and the SRMR
between .01 and .04. The RMSEA indicated misfit in Study 2a
only for medium misspecification and high reliability with values
between .09 and .10. In Study 2b, medium misspecifications
resulted in slightly increased RMSEA of .07 for both low and high
reliability.
UPI. For the UPI approach, the 2 test had a lower power to
detect misspecifications than the CFA. Small misspecifications
could only be detected with a power above 80% for N ⫽ 1,000 and
high reliability in Study 2a. For low reliability and in Study 2b in
general, the power lay below 66.9%. Medium misspecifications
could be detected well in Study 2b (when sample sizes were above
N ⫽ 500 or N ⫽ 1,000), and for high reliability conditions in Study
2a.

Similar results to the CFA were found for the descriptive model
fit indices with a CFI between .97 and 1.00, a TLI between .95 and
1.00, an SRMR between .01 and .05, and an RMSEA between .02
and .06. Due to the higher model complexity resulting from the PIs
in the model these fit indices indicated even less misfit than those
in the CFA.
Sargan test. In Study 2b, the Sargan test was sensitive to
the misspecified unique factor covariance between ␦5 and ⑀1 using
the estimating equation for y1. For medium misspecifications, the
power to detect the effect lay above 65.0% for N ⫽ 250. For small
misspecifications and N ⫽ 250, the Sargan test for y1 was significant in 29.5% and 16.5% for low and high reliability conditions,
respectively. The power increased up to 92.0% for large sample
sizes (N ⫽ 1,000). In addition, the estimating equations for y2 and
y3 indicated model misfit. This was expected because y2 and y3
were a function of y1.
In Study 2a (and similarly in Study 2c), the omitted crossloading on y1 was not detectable because the y1 equation was
misspecified even though the MIIVs for the equation remain
7
Models without misspecification had 2% to 10% significant 2 tests
with slightly higher rates for nonnormal data.
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uncorrelated with the equation error. Hence, the omitted variable
for the y1 equation was not detectable with the Sargan test. As
expected, the percent of Sargan tests that were significant was
between 4.0% and 6.5%. The estimating equations of y2 and y3
showed an increased rate of significant Sargan tests because the
MIIVs for these two equations were affected by the omitted
variables that influenced the y1 variable. These tests indicated that
the measurement model was misspecified. However, in practice
further testing would be needed to isolate the source of the problem with the MIIVs for these two equations.
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All the following results are based on robust statistics (i.e.,
median estimates and Median absolute deviation [MAD]) because
in some situations the distribution for the parameter estimates
included extreme values.8 This was particularly the case for the
NSEMM approach. The bias was calculated as
Mdn(␥ˆ ) ⫺ ␥
· 100%,
(13)
␥
where Mdn indicates the median. A bias with an absolute value
below 10% was considered “small,” for a larger bias the actual
number was used to circumvent arbitrary labels.
Results for Study 1a/2a and Study 1c/2c were very similar.
Here, we only report on Study 1a/2a and refer the reader to the
online supplemental materials for Study 1c/2c. Because the bias
was very similar across different sample sizes, we focus on N ⫽
500 here. With regard to nonnormality, we skipped the intermediate condition with skewness/kurtosis 1.5/6 from the Figures.
Study 1a: 2 ¡ y2. The MIIV-2SLS approach provided fairly
unbiased estimates (i.e., a bias below 10%) for all coefficients and
across all conditions (see Figure 2). For the small misspecification
in the 2SMM approach, only ␥2 was biased; the bias was similar
and large across reliability and skewness conditions and lay between 24.0% and 25.4%. Other parameters only had small bias.
For a medium misspecification, the bias of ␥2 increased even more
(48.1% to 52.6%). Here, the bias also spread to other parameters,
which resulted in an underestimation between ⫺14.4% to ⫺18.0%.
For the NSEMM approach a similar pattern could be observed. In
contrast to 2SMM, nonnormality combined with low reliability did
affect NSEMM’s coefficient for the interaction (␥4). We observed
a bias of 51.0% when reliability was low for a small misspecification (and 41.3% for a medium misspecification). The bias was
smaller for high reliability (12% and 2.7%). In this latter case it
appears that the structural and distributional misspecifications canceled each other out. The results for UPI were fairly similar to
those of 2SMM except for the interaction effect ␥4 when reliability
was low and data was nonnormal. Under these conditions, UPI
produced a somewhat larger bias than 2SMM.
Study 2a: 2 ¡ y1. All three estimators fared much worse
when the scaling indicator (y1) was part of the misspecification
(see Figure 3).
For the MIIV-2SLS, a strong bias was observed for ␥2 that was
independent of the reliability or nonnormality. It lay between
75.0% and 84.5% for small misspecifications and between 164.4%
and 168.9% for medium misspecification. The bias did not spread
out to other regression coefficients with only one parameter producing a bias larger than 10% (␥4 for low reliability, normal data,
and medium misspecification).
%BiasMdn ⫽

Again, 2SMM and NSEMM produced similar result patterns.
For small misspecification, the bias for ␥2 lay between 34.2% and
47.0%; for medium misspecification it increased to 90.7% to
123.3%. Other estimated parameters were more strongly affected
by the medium misspecification condition. For NSEMM, the bias
for the interaction effect under the low reliability condition approached 100%. Again, UPI’s estimates were very similar to those
of 2SMM.
Study 1b: ␦5 ↔ ⑀2. The MIIV-2SLS approach produced
similar results as in Study 1a, that is estimates with small bias (see
Figure 4). For 2SMM, estimates for ␥2 were only biased under low
but not under high reliability conditions. The bias for low reliability lay below 20% for small and below 40% for medium misspecification. Some bias for the linear effects for medium misspecification and low reliability could be found (about 10%) but not for
the interaction effect. For NSEMM and UPI, similar results to
2SMM could be observed except that we observed similar effect of
nonnormality on NSEMM’s ␥4 as we saw in Study 1a.
Study 2b: ␦5 ↔ ⑀1. For 2SMM, NSEMM, and UPI, results
were fairly similar to Study 1b (see Figure 5). For MIIV-2SLS,
results were very different. Under the low reliability condition,
estimates for ␥2 were biased up to 60% for small misspecification
and 100% for medium misspecification. Under the high reliability
condition, the bias was smaller. In this study, the bias also spread
out to other parameters in the MIIV-2SLS. Again, this effect was
stronger for low reliability conditions with a bias of about ⫺30%
for ␥1, ␥3 for a medium misspecification.

RMSE
The RMSE was calculated as
ˆ ⫺ ␥)2 ⫹ MAD(␥)2
RMSEMdn ⫽ 兹(Mdn(␥)

(14)

ˆ | (for r ⫽ 1, . . . , R) is the
where MAD共␥兲 ⫽ Mdn | ␥ˆ r ⫺ Mdn共␥兲
(standardized) median absolute deviation (Huber & Ronchetti,
2009) that is used as a robust measure of the variability of the
parameter estimates (instead of a Monte Carlo standard deviation).
The RMSE is important for applied studies because it comprises a
robust measure of variability (efficiency) and bias of an estimator.
In order to increase readability, we dropped the Mdn subscript in
the following.
Across all estimators, the following general observations could
be made: The RMSE decreased with sample size and was smaller
for high compared to low reliability conditions. In the following,
we will concentrate on the relative RMSE compared to the MIIV2SLS approach because this approach provided the smallest bias in
Study 1. For Study 2, this approach had a strong bias for the one
parameter that was affected by the misspecification but not as
strongly for the others. The relative RMSE is calculated by dividing the RMSE of the respective approach by the RMSE of the
MIIV-2SLS approach. Ratios above 1 indicate that the MIIV-2SLS
has a smaller RMSE than the respective approach.
Across all studies, 2SMM’s RMSE’s for the interaction effect
were smaller than those for MIIV-2SLS in 75% and 100% of the
8
Note that these are standard robust estimates for central tendency and
dispersion and do not change the interpretation of the bias or the RMSE.
They only allowed us to circumvent arbitrary decisions about deleting
extreme values or potential outliers.
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Figure 2. Study 1a: BiasMdn. Top and bottom panels are small versus medium misspecifications. Left and right
panels indicate low and high reliability conditions. Within each panel normal and nonnormal data are depicted
for each parameter (␥1 to ␥4) of the structural (latent variable) model. NSEMM ⫽ nonlinear structural equation
mixture model approach; 2SMM ⫽ 2-stage method of moments estimator; MIIV-2SLS ⫽ model-implied
instrumental variable 2-stage least square estimator; UPI ⫽ unconstrained product indicator approach.

low and high reliability conditions, respectively. Compared with
NSEMM and UPI, 2SMM had smaller RMSE’s in 85% versus
88% (low vs. high reliability), and 72% versus 83% of the conditions, respectively.
Study 1a: 2 ¡ y2. Figure 6 illustrates the relative RMSE
compared with MIIV-2SLS. NSEMM, 2SMM, and UPI provided
similar RMSE ratios across all conditions except for the interaction

effect ␥4: NSEMM produced increasingly larger RMSE (compared
with MIIV-2SLS) under low reliability conditions with increasing
sample size. For ␥2 the ratios increased with sample size, reliability (smaller RMSE for MIIV-2SLS for high reliability) and size of
misspecification. The ratios implied that the RMSE was up to four
times larger for NSEMM, 2SMM, and UPI compared with MIIV2SLS (N ⫽ 1,000, high reliability, strong misspecification, normal
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Figure 3. Study 2a: BiasMdn. Top and bottom panels are small versus medium misspecifications. Left and right
panels indicate low and high reliability conditions. Within each panel normal and nonnormal data are depicted
for each parameter (␥1 to ␥4) of the structural (latent variable) model. NSEMM ⫽ nonlinear structural equation
mixture model approach; 2SMM ⫽ 2-stage method of moments estimator; MIIV-2SLS ⫽ model-implied
instrumental variable 2-stage least square estimator; UPI ⫽ unconstrained product indicator approach.

distribution). Other effects (␥1, ␥3, (␥4)) had a comparable RMSE
across NSEMM, 2SMM, UPI, and MIIV-2SLS under high reliability conditions (ratios close to 1). Under low reliability and
small misspecification, the RMSE was smaller for NSEMM,
2SMM, and UPI compared with MIIV-2SLS. Here, the differences
between 2SMM and MIIV-2SLS were most prominent for the
interaction effect under nonnormality.

Study 2a: 2 ¡ y1. Figure 7 shows the results of Study 2a. ␥2
was severely biased for all approaches. The relative RMSE indicated similar RMSE’s for all approaches under high reliability
conditions except for NSEMM’s ␥4—which had an increasing
RMSE with sample size under the nonnormality condition—and
␥2—which had up to about half the relative RMSE for NSEMM
and 2SMM compared with MIIV-2SLS. For low reliability,
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Figure 4. Study 1b: BiasMdn. Top and bottom panels are small versus medium misspecifications. Left and right
panels indicate low and high reliability conditions. Within each panel normal and nonnormal data are depicted
for each parameter (␥1 to ␥4) of the structural (latent variable) model. NSEMM ⫽ nonlinear structural equation
mixture model approach; 2SMM ⫽ 2-stage method of moments estimator; MIIV-2SLS ⫽ model-implied
instrumental variable 2-stage least square estimator; UPI ⫽ unconstrained product indicator approach.

2SMM, NSEMM, and UPI had smaller RMSE’s (except of
NSEMM’s ␥4) with ratios as low as about 0.5, indicating a twice
as large RMSE for MIIV-2SLS compared to the other approaches.
2SMM’s and UPI’s RMSE were virtually identical on average.
Study 1b: ␦5 ↔ ⑀2. In Study 1b (see Figure 8), the relative
F8, AQ:
11
RMSE indicated similar RMSE’s for all approaches under high
reliability conditions with a slight advantage for 2SMM (ratios

between 0.72 and 1.06) compared with NSEMM (0.75 to 1.44) and
UPI (0.70 to 1.20). NSEMM, 2SMM, and UPI produced fairly
similar results except for ␥4 which had a larger RMSE for
NSEMM. For the interaction effect, 2SMM had the smallest
RMSE with ratios lying between 0.73 and 0.99 for high and
between 0.57 and 0.91 for low reliability conditions; UPI produced
similar RMSE’s with ratios between 0.79 and 1.00 and between
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Figure 5. Study 2b: BiasMdn. Top and bottom panels are small versus medium misspecifications. Left and right
panels indicate low and high reliability conditions. Within each panel normal and nonnormal data are depicted
for each parameter (␥1 to ␥4) of the structural (latent variable) model. NSEMM ⫽ nonlinear structural equation
mixture model approach; 2SMM ⫽ 2-stage method of moments estimator; MIIV-2SLS ⫽ model-implied
instrumental variable 2-stage least square estimator; UPI ⫽ unconstrained product indicator approach.

0.71 and 0.98, again for high versus low reliability conditions.
Even though the parameter bias was smaller for the MIIV-2SLS,
the estimator produced larger variability (MAD) that led to larger
RMSE’s compared with 2SMM or UPI.
Study 2b: ␦5 ↔ ⑀1. In Study 2b (see Figure 9), results had a
similar pattern to Study 2a but were more extreme. NSEMM, 2SMM,
and UPI produced lower relative RMSE under nearly all conditions

and across all parameters (exception: NSEMM’s ␥4 for low reliability,
small misspecification, N ⫽ 1,000 and nonnormality). For the interaction effect, results were slightly more in favor of 2SMM and UPI
compared with NSEMM and MIIV-2SLS; under high (or low) reliability conditions, ratios lay between 0.61 and 0.88 (or between 0.32
and 0.92) for 2SMM, between 0.72 and 0.96 (0.36 and 0.89) for UPI,
and between 0.78 and 1.04 (0.52 and 1.56) for NSEMM. This indi-
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Figure 6. Study 1a: Relative RMSEMdn across different levels of sample size (250, 500, 1,000) and predictor
distributions (normal/nonnormal). Black and gray dots indicate the estimator relative to MIIV-2SLS; the shape
of the dots indicate the coefficients ␥1 to ␥4. Values above 1 (or below 1) indicate a smaller (or larger) RMSE
for the MIIV-2SLS approach compared to the respective other approach. Loess lines for 2SMM (gray), NSEMM
(black solid) and UPI (black dashed) were added to facilitate interpretation. NSEMM ⫽ nonlinear structural
equation mixture model approach; 2SMM ⫽ 2-stage method of moments estimator; MIIV-2SLS ⫽ modelimplied instrumental variable 2-stage least square estimator; UPI ⫽ unconstrained product indicator approach.

cated up to three times smaller RMSE’s compared with MIIV-2SLS
that decreased with increasing sample size and nonnormality.

Discussion
This article presented a simulation study that investigated
how MIIV-2SLS (Bollen, 1995; Bollen & Paxton, 1998),

2SMM (Wall & Amemiya, 2003), NSEMM (Kelava et al.,
2014), and UPI (Marsh et al., 2004) performed in nonlinear
SEM when applied to misspecified models. We inspected structural misspecifications (cross-loadings and unique factor correlations) as well as distributional misspecifications (nonnormality) and their combinations. We reported on the bias and RMSE

APA NLM
tapraid5/met-met/met-met/met99918/met2515d18z xppws S⫽1 9/28/19 7:38 Art: 2018-1297

This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

18

BRANDT, UMBACH, KELAVA, AND BOLLEN

Figure 7. Study 2a: Relative RMSEMdn across different levels of sample size (250, 500, 1,000) and
predictor distributions (normal/nonnormal). Black and gray dots indicate the estimator relative to MIIV2SLS; the shape of the dots indicate the coefficients ␥1 to ␥4. Values above 1 (or below 1) indicate a smaller
(or larger) RMSE for the MIIV-2SLS approach compared to the respective other approach. Loess
lines for 2SMM (gray), NSEMM (black solid) and UPI (black dashed) were added to facilitate interpretation. NSEMM ⫽ nonlinear structural equation mixture model approach; 2SMM ⫽ 2-stage method of
moments estimator; MIIV-2SLS ⫽ model-implied instrumental variable 2-stage least square estimator;
UPI ⫽ unconstrained product indicator approach.

of the approaches, and whether the misspecifications were
detectable with the available model fit indices.
The main results of the simulation study were that the MIIV2SLS approach was robust against misspecifications as long as
the misspecification did not involve the scaling indicator of the

outcome variable. All three NSEMM, 2SMM, and UPI produced bias for those parameters that we expected to be affected
most (e.g., ␥2 when a cross-loading from 2 was omitted). When
the misspecification had a medium size, this bias spread to other
parameters, too. For NSEMM, the nonnormality induced an
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Figure 8. Study 1b: Relative RMSEMdn across different levels of sample size (250, 500, 1,000) and predictor
distributions (normal/nonnormal). Black and gray dots indicate the estimator relative to MIIV-2SLS; the shape
of the dots indicate the coefficients ␥1 to ␥4. Values above 1 (or below 1) indicate a smaller (or larger) RMSE
for the MIIV-2SLS approach compared to the respective other approach. Loess lines for 2SMM (gray), NSEMM
(black solid) and UPI (black dashed) were added to facilitate interpretation. NSEMM ⫽ nonlinear structural
equation mixture model approach; 2SMM ⫽ 2-stage method of moments estimator; MIIV-2SLS ⫽ modelimplied instrumental variable 2-stage least square estimator; UPI ⫽ unconstrained product indicator approach.

additional bias for the interaction effect under the low reliability condition that did not occur for the other two approaches.
Results for 2SMM and UPI were fairly similar across all conditions.
When the scaling indicator was involved in the structural
misspecification as in Study 2, we found large biases across all

estimators. Despite this, we did find some differences. For
NSEMM, 2SMM, and UPI, the pattern of effects was larger but
similar to that found in Study 1. MIIV-2SLS estimates exhibited larger biases for these structural misspecifications of the
scaling indicator. The bias in the MIIV-2SLS estimates did not
spread to other parameters for the omitted factor loading, but
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Figure 9. Study 2b: Relative RMSEMdn across different levels of sample size (250, 500, 1,000) and predictor
distributions (normal/nonnormal). Black and gray dots indicate the estimator relative to MIIV-2SLS; the shape
of the dots indicate the coefficients ␥1 to ␥4. Values above 1 (or below 1) indicate a smaller (or larger) RMSE
for the MIIV-2SLS approach compared to the respective other approach. Loess lines for 2SMM (gray), NSEMM
(black solid), and UPI (black dashed) were added to facilitate interpretation. NSEMM ⫽ nonlinear structural
equation mixture model approach; 2SMM ⫽ 2-stage method of moments estimator; MIIV-2SLS ⫽ modelimplied instrumental variable 2-stage least square estimator; UPI ⫽ unconstrained product indicator approach.

was more spread out for an omitted unique factor covariance.
For all estimators, the bias was stronger when the reliability was
low.
Overall, 2SMM provided the lowest relative RMSE for the
interaction effect. MIIV-2SLS produced the lowest relative RMSE

for the linear effects when the misspecification did not affect the
scaling indicator. Under high reliability conditions, differences
between approaches were negligible. Under low reliability conditions, differences were larger and the 2SMM, NSEMM, and UPI
often provided smaller RMSE’s than MIIV-2SLS.
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Model Fit
We investigated whether the structural misspecifications could
be detected with the different estimators and hence warn a researcher about potential problems. The NSEMM was the most
limited estimator in providing diagnostic tests for structural misspecifications. This implies that structural misspecifications could
go largely undetected. The 2SMM approach was able to at least
test the CFA model from its first stage. The UPI approach provides
fit statistics, but these can only be used to find linear misspecifications (which is a limitation for nonlinear models) and they are
invalid for general model fit interpretations (Klein & SchermellehEngel, 2010); however, for the misfit investigated here, that focused on the measurement model it might provide some insight.
The usual 2 test for the CFA model and UPI had some sensitivity
to the misspecifications, but it depended on the reliability of the
indicators. More concerning was that the widely used fit indices
that supplement the 2 test did not indicate any misfit. The CFA
proved to be more informative on misfit than the more complex
model estimated in the UPI approach.
The MIIV-2SLS approach is capable of testing all overidentified equations, but we focused on the indicator equations for
the latent dependent variable. Here we found that the Sargan
test for the nonscaling indicators (y2, y3) performed reasonably
well in detecting all misspecifications. But pinpointing the
source of the problem requires more investigation. For instance,
we could generate a similar pattern in the Sargan tests of y2 and
y3 by omitting a correlation between their errors even when
there is no omitted path to y1. It might be possible to develop
diagnostics to better locate the source of the problem, but this
is beyond the scope of our research.
The Sargan test for the y1 equation also deserves comment,
particularly when the structural misspecification involved the
scaling indicator y1. Specifically, when the misspecification
involved an omitted path to y1, the y1 equation is misspecified
but the MIIVs remain uncorrelated with the equation error and
hence this omitted path goes undetected. The Sargan tests of the
y2 and y3 equations is where this scaling indicator problem
reveals itself.
In sum, misspecification tests for NSEMM are sparse. The
2SMM’s Stage 1 and UPI permit a 2 test for the measurement
model and the MIIV-2SLS estimator has a Sargan test for all
overidentified equations. However, the use of fit indices with
2SMM and UPI can hide misspecifications. In addition, problems with a scaling indicator need not show up in a significant
test for the scaling indicator even if they trigger a significant
Sargan test elsewhere using MIIV-2SLS.

Relation to Previous Findings
Findings by Bollen et al. (2007) on the differences of ML
based versus MIIV-2SLS linear SEM indicated MIIV-2SLS’s
greater robustness to structural misspecifications than ML and
similar efficiency of the estimators. The main difference between their study and our study was the examination of MIIV2SLS in equations with latent variable interactions the inclusion
of product indicators as MIIVs. Products of variables are known
to have smaller reliabilities that are a function of the reliabilities
of the original variables and their correlation (Busemeyer &
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Jones, 1983). Here, the product variables had a reliability of .78
under the high reliability condition and .35 for the low reliability condition. This may explain the observation that under the
high reliability condition results RMSE’s were very similar
across approaches but not under low reliability. The findings
are also in line with those by Schermelleh-Engel et al. (1998)
who used low reliability indicators in their interaction model
(i.e., .44 and .18 for their product variables). 2SMM and
NSEMM have the advantage of not using any manifest products
in their estimation.
The NSEMM approach was developed to account for nonnormality, but our results reveal biased interaction effects under
low reliability. Previous simulation studies were only conducted with high reliability and this problem might have been
overlooked as a consequence. Due to the large computational
burden of this approach, we did not investigate whether this
problem could be countered by allowing more latent classes.
For 2SMM, we found considerable robustness in the estimation of the interaction effect if the structural misspecification
was in the measurement model (which is in line with Devlieger
& Rosseel, 2017), but differences were not as large as expected
compared to the UPI approach.

Limitations
In designing this study we tried to choose structural misspecifications that would be typical in empirical analyses such as
omitted cross-loadings, DIF, and correlated errors. We also
varied the sample size, reliability conditions, and type of distributions. Nonetheless, we recognize that the results of a
simulation are limited to the design factors manipulated. In
empirical situations, it is often plausible that more than one
misspecification is present; we believe that the findings for
the simpler situation investigated here can be extrapolated to
more complicated settings, that is, the bias will increase with
more misspecifications. We encourage others to develop additional conditions by which the properties of these estimators
can be studied.
We did not include additional scenarios where the reliability
of the individual indicators varied within a construct because of
the overall complexity of the simulation design. Though, we
conducted some additional tests, where equal and unequal reliability conditions led to a comparable performance of the
estimators as long as the average level of reliability was kept
constant.
In this study we focused on traditional (frequentist) estimators
for nonlinear SEM. Many different Bayesian implementations for
nonlinear SEM exist (Brandt, Cambria, & Kelava, 2018; Guo et
al., 2012; Kelava & Nagengast, 2012; Lee et al., 2007; Song et al.,
2013, 2014). Recent research using Bayesian models suggested
that estimators using penalization methods might be an alternative
if strict assumptions in the measurement model are violated (e.g.,
Liang, Yang, & Huang, 2018; Shi, Song, Liao, Terry, & Snyder,
2017). However, more work needs to be conducted to test how
these methods can be used for misspecifications in nonlinear SEM
as investigated here.
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Practical Implications
One of the main practical implications of this study was that
the reliability of the indicators was very important. If reliability
was high, then misspecifications could be identified and thus
could have been taken into account in empirical applications. If
reliability was low, the problem of both structural and distributional misspecifications was more severe because even
though it affected estimation it was difficult to detect.
For high reliability conditions, differences in the RMSE are
minor across estimators. In this case, MIIV-2SLS should be
chosen because it produces less bias overall. Some misspecifications are detectable with a reasonable power, but it might be
meaningful to also investigate SEM-related model fit in order to
find misspecified cross-loadings for the scaling variable.
For low reliability conditions, the 2SMM estimator and UPI
deserve consideration because they had the lowest RMSE results on average. Small to medium misspecifications might not
be detected using any of the fit criteria and hence a choice of the
most robust estimator across all conditions might be meaningful.
The advantage of NSEMM compared with 2SMM is that it is
readily available in standard statistics software such as Mplus
(L. K. Muthén & Muthén, 1998 –2012) or the R package nlsem
(Umbach, Naumann, Brandt, & Kelava, 2017). Applied researchers can feasibly estimate more complex models such as
multilevel-SEM. There still only exists experimental implementation of 2SMM for limited, specific models; for each new
model the researcher must implement a new syntax which might
be cumbersome for applied researchers (see, e.g., implementation for the basic interaction model in Wall & Amemiya, 2003).
One of the disadvantages of the UPI approach here was a low
convergence rate under many conditions (as low as 39.5%); this
might affect how well it can be used in single sample situations
in empirical research. In addition, its specification becomes
more sophisticated as soon as models include more than a single
interaction effect. The UPI approach might have a lower estimation accuracy and efficiency in these situations compared to
other approaches without PIs (Brandt et al., 2018). One of the
reasons for this inefficiency is the need of a complex residual
covariance matrix for the PIs that needs to be estimated as soon
as PIs are used that include the same indicators (e.g., x1x4, x1x5,
see Kelava & Brandt, 2009). For nonnormal data, this matrix
might become even more complex.
In general, it is strongly recommended to test the measurement model before analyzing a nonlinear SEM. This can be
conducted using the procedures discussed in this article, for
example, by using a (misspecified) CFA prior to the actual
analysis of the structural model or the Sargan test.

Conclusion and Future Directions
Sometimes studies have relatively straightforward conclusions and recommendations whereas others are more nuanced.
Ours is in the latter category. The best estimator for models
with interactions of latent variables depends on several conditions as we have detailed in the prior sections. One clear
generalization from our results is that if the scaling indicator is
influenced by two or more latent variables and this is not part
of the model, then the bias in all of the estimators is quite large

and none of the estimators is robust to this problem. Another
clear conclusion is the need to introduce structurally misspecified models when designing simulations. Given the approximate nature of our models, we nearly always have such misspecifications. Simulations that fail to include approximate
models likely fail to reflect real empirical conditions.
Future research will need to extend this investigation to
models with other types of data such as binary or ordinal data,
clustered or intensive longitudinal data structures, or situations
were linear measurement models are inappropriate (e.g., Kelava
& Brandt, 2014, 2019). In many situations, these models will
either include more assumptions and restrictions for the observed variables (e.g., specific IRT models such as the Rasch
model or cross-level invariance of factor loadings in multilevel
SEM), or they will be less parsimonious (e.g., semiparametric
measurement models including splines). In any case, the appropriateness and efficiency of the models need to be investigated
and balanced to avoid spurious results or low power. This is a
general challenge for models in the nonlinear SEM framework
because model fit indices routinely applied to linear SEM are
often not appropriate for the nonlinear models.
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