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ABSTRACT
Michael L. Giordano: Model Implied Instrumental Variable Estimation for Multilevel

Confirmatory Factor Analysis
(Under the direction of Kenneth Bollen)

Multilevel Confirmatory Factor Analysis (MCFA) models are most commonly estimated
with full information maximum likelihood (FIML). FIML is asymptotically efficient and
asymptotically unbiased given correct model specification and no excessive multivariate
kurtosis. When these assumptions are violated, we have no guarantee about the asymptotic
properties of FIML. In single level SEMs, the Model Implied Instrument Variable (MIIV-2SLS)
estimator has been shown to be an excellent alternative to maximum likelihood. Following prior
work for single level SEMs, this paper develops two MIIV-2SLS estimators for MCFA models. |
evaluate both estimators in comparison to FIML with a Monte Carlo simulation study varying
number of clusters, cluster size, distribution of data, balance of clusters and correct versus
incorrect model specifications. Results suggest that both MIIV estimators are good alternatives
to FIML across a variety of conditions. Most importantly, they are more robust to model
misspecification and offer local tests of fit with Sargan’s test. The primary limitation found in
this simulation study suggests that these estimators may underestimate standard errors given

small number of clusters, unbalanced clusters, and skew/kurtosis.
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Introduction

Multilevel confirmatory factor analysis (MCFA) has grown in popularity over the past
several decades. Leveraging the strengths of multilevel modeling and confirmatory factor
analysis, MCFAs allow for the simultaneous modeling of measurement error and hierarchically
clustered data. In common applications, standard confirmatory factor analysis accounts for
measurement error, but is not typically used to account for nested or clustered data. Standard
multilevel models, on the other hand, are used for analyzing clustered data, but not typically used
to simultaneously account for measurement error.! Many studies have shown the deep
connections between multilevel models and latent variable models, often illustrating equivalence
between the methods (Bauer, 2003; Curran, 2003; Kamata, Bauer, & Miyazaki, 2008; Mehta &
Neale, 2005; Meredith & Tisak, 1990).

Given the overlap between latent variable models and MLM, modern research in
psychometrics has sought to unify latent variable models with multilevel models (Asparouhov &
Muthén, 2003; Rabe-Hesketh, Skrondal, & Pickles, 2004; Rabe-Hesketh, Skrondal, & Zheng,
2007). The developments in MCFASs have led to approaches for modeling clustered data with
measurement error and heterogeneous factor structures at the within and between levels
(Asparouhov & Muthén, 2003, 2007; Bentler & Liang, 2003; Goldstein, 1987; Goldstein &
McDonald, 1988; Kim, Dedrick, Cao, & Ferron, 2016; Longford & Muthén, 1992; McDonald,

1994; McDonald & Goldstein, 1989; Muthén, 1989, 1990, 1994, Rabe-Hesketh et al., 2004,

lwhile it is not as common to use measurement models in most multilevel software packages, some software such as HLM and
GLLAMM do allow for this (Rabe-Hesketh, Skrondal, & Pickles, 2004; S. Raudenbush, Bryk, Cheong, Congdon, & Du Toit, 2011).



2007, p. 207; Skrondal & Rabe-Hesketh, 2004). Of course, latent variable models are diverse.
Modern multilevel latent variable models could include multilevel IRT, multilevel factor
analysis, and multilevel structural equation modeling. For this study I will focus on multilevel
factor analysis specifically, but it is my hope that future work could expand on this to include
more general multilevel structural equation models.

First, it is important to establish why MCFA is needed. One of the assumptions made in
CFA (or SEM more broadly), is that observations are independent and identically distributed.
When data are clustered we violate this assumption. Given clustered measurement data, we
might be tempted to ignore clustering, especially if we are not interested in all levels in the
measurement model. However, this would be naive. Julian (2001) showed that ignoring
clustering in CFA results in biased loadings, unique variances, factor variances. In the more full
SEM context, du Toit & Toit (2008) showed that ignoring clustering resulted in incorrect
parameter estimates, standard errors and inappropriate fit statistics. In short, if data are clustered
then researchers need to consider multilevel analyses (or other corrections).

The interpretation of MCFA models is important to consider, and best done through
example. A nice illustration comes from Van Peet (1992), who analyzed six measures of
intelligence of children nested within families. At the individual level the six intelligence
measures correspond to numeric intelligence and perceptual intelligence (i.e., two correlated
latent factors for intelligence). At the family level, intelligence corresponds to a single
intelligence factor. In other words, at the within groups level (the individual level), we can
imagine two factors of intelligence. At the group level, it makes less sense to imagine two factors

because this level corresponds to average family intelligence. This last example also highlights



one of the more unique features of MCFASs, which is the option to model different factor
structures for within-groups and between-groups.

Given the relative complexity of these models, MCFA estimation is an area of ongoing
methodological development. Before general maximum likelihood methods were available, early
estimation approaches relied on decomposing variance-covariance matrices at different levels
and fitting factor models with traditional SEM software, using the variance covariance matrices
in place of raw data. These early methods have been called pseudo-maximum likelihood methods
or ‘ad-hoc’ methods (Goldstein, 1987; McDonald & Goldstein, 1989; Muthén & Satorra, 1989).
Today, full information maximum likelihood (FIML) estimation routines are available through
Mplus, Stata’s GLLAMM routine, the ‘OpenMx’ package in R, and the ‘xxM’ package in R
(Asparouhov & Muthén, 2003; Mehta, 2013; Muthén & Muthén, 2015; Neale et al., 2016; Rabe-
Hesketh et al., 2004; StataCorp, 2015) 2.

Unsurprisingly, FIML estimation has become the de facto estimation method in most
applications. Maximum likelihood offers the usual properties of being asymptotically efficient
and asymptotically unbiased—excellent qualities to have. However, these properties require
strong assumptions such as correct model specification and no excessive multivariate kurtosis. If
these assumptions are violated, there is no guarantee about the asymptotic efficiency or
asymptotic unbiasedness of the ML estimator. Additionally, convergence becomes an issue as
models grow in complexity. In single level SEMs, convergence has been shown to be a barrier in
many conditions such as small sample sizes, having only two indicators, and using mixture
models (Anderson & Gerbing, 1984; Boomsma, 1982; Curran, Bollen, Paxton, Kirby, & Chen,
2002; Longford N. T. & Muthén, 1992; Yuan & Hayashi, 2005). Additionally, convergence can

be problematic in multilevel contexts generally (Hox, 2010). It stands to reason to suspect that

2 This list may not be all inclusive. These are simply a handful of the software routines | have come across.



convergence would also be a potential barrier in MCFA (Preacher, Zhang, & Zyphur, 2015;
Preacher, Zyphur, & Zhang, 2010; Ryu & West, 2009).

Given the potential shortcomings of FIML for MCFA, | am proposing to look to the class
of Two-Stage Least Squares (2SLS) instrumental variable estimators which have been shown to
be effective estimators in single-level SEMs (Bollen, 2001; Bollen, Kirby, Curran, Paxton, &
Chen, 2007). Bollen (1996b) proposed the Model Implied Instrumental VVariable Two-Stage
Least Squares (MIIV-2SLS) estimator for single level SEM’s. Under ideal conditions for ML,
simulation studies found similar efficiency for MIIV estimators. It is more robust to model
misspecification, it requires fewer distributional assumptions and it is computationally efficient.
Also because it is non-iterative it is not subject to non-convergence issues. For these reasons, |
believe that the MIIV-2SLS can be a useful estimator in MSEM’’s.

In this study I will (1) briefly review the literature on MCFA/MSEM estimation, (2)
review the literature on MIIV-2SLS and provide a simple example of its use for a single level
SEM model, (3) develop two novel procedures for estimating MCFAs with MIIV-2SLS and (4)
demonstrate the qualities of these procedures with a Monte Carlo simulation study varying

several factors.



Chapter 1: MIIV-2SLS estimation for MCFA

Multilevel Latent Variable Models

The earliest work on multilevel latent variable models was in an unpublished dissertation
by Schmidt (1969). Schmidt studied multivariate random effects and provided a computer
program for maximum likelihood estimation—though this early work did not consider group
level structures or variables, instead focusing on what | will call the ‘within groups’ model. Most
MSEM applications specify separate within-groups and between-group structures and Schmidt’s
dissertation did not deal with separate between and within components. Instead it dealt with a
special case where the between and within components were equivalent. Aside from this very
early work on multilevel models with latent variables, McDonald, Goldstein, Muthén, Rabe-
Hesketh have been very active pushing forward the methodology for these models (Goldstein,
1987; Goldstein & McDonald, 1988; McDonald & Goldstein, 1989; Muthén, 1990; Rabe-
Hesketh et al., 2007). See Hox (2010) for an excellent overview of both early and more modern
approaches. | will review some of the notable techniques, focusing on the measurement model.

The particular multilevel factor analysis model that | will examine is the random

intercepts MCFA. The expression for the random intercepts MCFA model is given by:

ij

Yy = Yu, + Vs,
Yy =a+ (Awlw, + £w,) + (Aglg, + £5) @)

Where we make the following distributional assumptions



Lp~N(0, ®p)

Ly,~N(0, ®y)
)

ep,~N(0, Op)

Swi]. "’N(O, Qw)

In this model a is a vector of measurement intercepts, Ay, is a vector of within groups factor

loadings, Lw,-,- is the vector of within groups latent variables, Ag is a vector of between groups
factor loadings, LB]. is the vector of between groups latent variables, and Sw,-,-/SB,- are vectors of

within and between residuals. We can derive the model implied covariance matrix as

Cov(Y) = Cov (Yb]. + Yw,-,-)

= Cov (Yb,-) + Cov (Ywii) 3)

:£B+£W

where Cov (ij + Ywi,-) = Cov (Ybi) + Cov (YW ) based on the assumption that the within

ij
and between models are orthogonal.

As | have already mentioned the most ubiquitous method for estimating MSEMs is
FIML. Muthén (1990) derived the ML fitting function as

J
Fue = Z(n,- — 1){log|Zy (0)| + tr(Z4' (0)S,w;)} + (4)
j=1
Z]!=1{log|2g,- (0)] + tr(Zg" (8)Sg)}
ML estimation has many excellent properties, including that the estimator is asymptotically

unbiased and asymptotically efficient. However, in order for these qualities to hold we have to

assume correct model specification and multivariate normality (alternatively, no excess



multivariate kurtosis). If these qualities do not hold then we have no guarantee about the
asymptotic properties of our estimator.

FIML estimation is also available via the generalized linear latent and mixed models
(GLLAMM) approach developed by Skrondal & Rabe-Hesketh (2004). This modeling approach
can be used to estimate multilevel latent variable models with full maximum likelihood. The
FIML solution available in the Mplus uses a structural equation modeling approach, while the
GLLAMM framework is more akin to traditional multilevel models setup. GLLAMM has some
nice properties in that it can handle a larger number of levels, missing data, unbalanced designs
and flexible factor structures (FIML can handle many of these as well). As with other ML
approaches GLLAMM relies on correct model specification and distributional assumptions for
significance tests. Additionally, MSEM models tend to take a long time to estimate in
GLLAMM, limiting their practicality.

Before FIML was readily available there were other methods for estimating MSEMs
including methods proposed by Goldstein (1987), McDonald & Goldstein (1989), and Muthén
(1989, 1990), among others. These earlier methods have been called “ad hoc” methods or two-
step approaches. FIML relies on simultaneously fitting and estimating within-groups and
between-groups models. These ad-hoc approaches instead rely on (1) decomposing variances
into separate within-groups and between-groups covariance matrices and (2) fitting these
matrices either separately or together in a factor model with maximum likelihood. Though
several approaches have been proposed, | will focus on the Goldstein method and the two step

Muthén method (often referred to as MUML).



The idea of decomposing variances into different levels is nothing new (Cornfield &
Tukey, 1956; Searle, Casella, & McCulloch, 1992). We can imagine decomposing an individual
observed variable into parts as,

Yij =Yyw + Yijp (®)
Where Yy is varying at the individual level and Y;;gis varying at the group level. In other words
we can decompose variation in observed variables into their group means and group mean
deviations. Another way of showing this is

Y=, -Y)+Y; (6)
where (Yij — 17_j) is group mean centered and 7.]' represents group means. Importantly, Searle,
Casella, & McCulloch (1992) showed these components are additive and orthogonal.

Similar to the single observed variable example above, early MSEM approaches relied on
separating the population covariance matrices into their within-groups and between-groups
components.

Xr= Xy + Xp3 (7
where X is the total covariance, Xy is the within-groups covariance matrix, and Zgis the
between-groups covariance matrix. This was shown in Equation 3, where we separated the
covariances into their constituent parts based on the assumption of orthogonality. Goldstein’s
approach and Muthén’s approach differ in how they decompose the covariance components.

Goldstein (1987, 1995) proposed using a three-level multilevel model to decompose the
within-groups and between-groups covariance. The general two-step procedure is (1) estimate

within-groups and between-groups covariance matrices via a univariate multilevel model and

3 See, for example, McDonald & Goldstein (1989), p. 217-218 for the proof of this claim.



then (2) estimate MSEM with covariance matrices using ML and standard SEM software. Hox &
Maas (2004) provide a nice description for fitting these models.

As an example of the Goldstein procedure, consider a simple MCFA model with three
observed indicators. To obtain estimates of the within-groups and between-groups covariance
matrices we specify a three-level univariate multilevel model, which I describe in more detail
below. Thinking about this model hierarchically, level-1 could represent indicators, level-2 could
represent individuals, and level-3 represents clusters of individuals. Alternatively, this could be a
longitudinal study with indicators nested within individuals nested within time. The level-1
model is given by,

Ynij = m1ijD1ij + 125D + Tizi5D35 (8)
where D are dummy codes for indicators, h indexes indicators, i indexes individuals, and j
indexes clusters. Also, note that we have removed the intercept from the model, in order to
estimate the random component of each indicator instead of having one as a reference.
Additionally, we are not estimating a level-1 error term and instead this is being fixed at zero. *
Moving up to the second level, the individual level, we re-define all 7,,;; terms allowing them to

randomly vary across individuals. Level-2 equations are then,

Ty = Byj + ugyj
Taij = PBoj + Uzij 9)
T3 = Baj + uzyj

+The omission of the intercept and fixing level-1 error is a simple ‘trick” for using a univariate multilevel
model to estimate a multivariate outcome. The same strategy is used in a variety of models one example
being David Kenny’s Actor Partner Interdependence Model (Hox, 2010; Kenny, Kashy, & Cook,
2006).



where B is the average of item p varying over clusters j and u,,;; captures the random variation
in item p across individuals within clusters. Moving up again we redefine all g,,; terms at level-3
as,

Bij = v1+ Uy
ﬁZj = Y2+ uy; (10)
ﬁ3j = Y3 t+uzj

where y,, is the grand mean for item p and w,,; captures the random variation in item p across
clusters. Applying simple substitution we combine all three levels obtaining the reduced form
equation as,

Ynij = viD1 + v2Do + y3D3 + uq;jDy + uyiDy + ugiiD3 + uy Dy + uy;D,

(11)
+ U.3jD3
Importantly, we assume that the level-2 random effects are distributed as
Uyij
[u2ij ~N(0,Zy) (12)
Uzjj
where,
Var(uy;)  Cov(ug;, uy;) Cov(usyj, Ug;j)
Ty = [Cov(uz, uyy) Var(uy;) Cov(usz;j, uyj) (13)
Cov(uz;j, uqg;5) Cov(uzyj, Uy;)) Var(us;)
Similarly, we assume that the level-3 random effects are distributed as,
ulj
[uzj' ~N(0,Zp) (14)
'U,3j

where,

Var(u,;) Cov(uyj,uyj) Cov(uzj, uy;)
Xp = |Cov(uyj, uyj) Var(uy;) Cov(usj, uyj) (15)
Cov(uzj, uyj) Cov(uszj, uy)) Var(usj)

10



In summary, as a part of this model we estimate the mean responses for each indicator (given by
¥p’s) and the estimated variances and covariances of the random effects. Here we are mostly
interested in the variances and covariances of random effects. These variances and covariances
are direct estimates of within group covariances, Xy, and the between group covariances, Xg,
which are used in the second step. With estimates of the within-groups and between-groups
variance-covariance matrices, step 2 of the Goldstein approach is to fit within-groups and
between-groups structural model using ML and X, and 5 as data.

Here we have the additional choice of using ML or REML to estimate the multilevel
models. In general, REML produces less biased estimates of the random components, especially
at smaller sample sizes (Snijders & Bosker, 1999). ML has a tendency to negatively bias random
components, though this bias shrinks as number of clusters approach infinity. ML also has a
smaller MSE when considering variance components. Thus, there is a definite trade-off between
bias and variance when considering estimation of the variance components.

This Goldstein approach has several advantages for decomposing covariances. The
estimated covariances can be used with standard SEM software separately or in a two group
model (Goldstein, 1987; Hox & Maas, 2004). Since the within and between models are estimated
separately, we can obtain separate estimates and fit indices at each level. Additionally, given the
way the covariances are computed we can accommodate missing data easily and we can adjust
for dichotomous or categorical variables easily by fitting generalized multilevel models instead.
Of course there are some disadvantages as well. One of the primary disadvantages to this
approach is that the covariances are estimated values and not directly calculated. This means
they are estimated with uncertainty, and our second step of using covariances in covariance

analysis we treat the covariances as population values rather than sample values. Additionally, it

11



may be difficult to scale up to more levels. Three-level multilevel models with several random
effects is already computationally difficult to estimate. As more levels and more indicators are
added this approach could become computationally intractable fairly quickly.®

Muthén, (1989, 1990) proposed another two-step solution to estimate MSEMs; Muthén’s
method is often referred to as the pseudo-balanced or MUML (Muthén’s ML) approach
(McDonald, 1994; Muthén, 1994). He showed an unbiased estimate of X, can be computed

from the pooled within group covariance matrix

_ XXy — Y)Yy — Y (16)

Spw N-G

and the between group covariance matrices can be estimated by

Yin(¥-Y){¥Y-Y)
G-1

Muthén showed that S,,,, is an asymptotic unbiased estimator of £y, and Sp is an asymptotic

unbiased estimator of Xz assuming groups have equal sizes.

Once the variance has been decomposed, the two covariance matrices are used in
multiple group model with ML as the estimator. Muthén (1990) showed how these two
covariance matrices could be modeled with existing SEM software. This technique relies partly
on having balanced group sizes. Accounting for unbalanced groups in this setup is burdensome,
and Muthén even proposed ignoring unbalance and using the average group size when data are
not balanced (1989, 1990). Several studies have confirmed that the within portion of the model is
consistently estimated using the pooled within covariance matrix and this holds across many

conditions including balanced and unbalanced group sizes (Hox & Maas, 2001; Hox, Maas, &

5 With more levels and more random components, moving into a Bayesian framework is likely to make these
models more tractable--although that adds a different layer of complexity with priors and posterior distributions
(Gelman & Hill, 2006).
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Brinkhuis, 2010; Yuan & Hayashi, 2005). For the between part of the model, residual variances
tend to be underestimated and standard errors too small leading to alpha levels of close to 8%,
instead of the expected 5%. In addition unbalanced groups do not lead to biased coefficients but
they do lead to underestimated standard errors (Hox & Maas, 2001).

Each method—FIML, the Goldstein approach, and MUML—has advantages and
disadvantages. While FIML is the gold standard at the moment | will pull from the Goldstein
approach and the MUML approach to develop a MIIV-2SLS estimator for MCFASs. In order to
do that I will first review MIIV-2SLS.

MIIV-2SLS

The model implied instrumental variable two-stage least squares (MI11V-2SLS) estimator was
first proposed by (Bollen, 1996b) and has been further developed for many applications since
(Bollen et al., 2007; Bollen, Kolenikov, & Bauldry, 2014; Bollen & Maydeu-Olivares, 2007).
The general family of Two-Stage Least Squares (2SLS or sometimes TSLS) estimators are not
new; they have been in use for decades, in many different forms. 2SLS estimators have mostly
been used in simultaneous equations models without latent variables. The family of 2SLS
estimators for estimating coefficients of a single equation in a simultaneous equations model,
were independently introduced by Theil (1953b, 1953a, 1954, 1961), Basmann (1957), and
Sargan (1958) (Anderson, 2005). Though less cited, Anderson & Rubin (1950) also played an
important role by deriving the asymptotic distribution for the limited information maximum
likelihood (LIML) estimator for simultaneous equation models, which was used in all of the
aforementioned works (Anderson, 2005). For latent variable models, Hagglund (1982) applied a
type of the 2SLS estimator for exploratory factor analysis. Later Jéreskog & Sérbom, (1987)

incorporated a different 2SLS estimator into factor analysis estimation. These early applications
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of 2SLS estimators were applied to the measurement model only and assumed no correlated
errors. One exception was Joreskog & Sorbom (1993) who applied Hagglund’s method to
estimate the measurement model and generated the covariance matrix of latent variables. They
then estimated the latent variable model by using the covariance matrices as input for a 2SLS
procedure. This method still assumed no correlated errors and did not provide significance tests.

Bollen (1996b, 1996a) proposed the MIIV-2SLS estimator which is another instrumental
variable estimator for latent variable models and part of the 2SLS family of estimators, though it
differs from earlier ones. In contrast to earlier 2SLS methods for latent variable models, Bollen
(1996b) showed how the MIIV-2SLS estimator could be applied to estimate full SEM’s with
latent variables in an equation by equation basis, while also deriving standard errors and
significance tests. Bollen (2001) further developed MIIV-2SLS noting that there is a closed form
to estimate the full model simultaneously instead of equation by equation. This form provides
identical point estimates and standard errors. Further, Bollen (2001) provides general analytic
condition for when MIIV-2SLS is robust to misspecification.

The MIIV-2SLS estimator differs from traditional instrumental variable techniques in
several important ways. Early versions of a 2SLS estimator for SEM’s with latent variables, did
not allow for correlated errors of measurement; the MI1IV-2SLS estimator does allow correlated
errors. Joreskog and S6rbom’s versions of the 2SLS estimator required estimating the
measurement model and then estimating the latent variable model; the MIIV-2SLS estimator
does not require this. Finally, MIIV-2SLS offers asymptotic standard errors for all coefficients in
the model which previous versions did not.

Since its first proposal, simulation and analytic work has illustrated its effectiveness and

extended it in important ways. In a large Monte Carlo simulation study, Bollen et al., (2007)
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compared bias and efficiency of ML and MIIV-2SLS in conditions of correct model
specification and incorrect model specification; they concluded that in correct model
specification, results are similar and given misspecification MI1VV-2SLS performed better. Cragg
(1968) noted the same quality for 2SLS for simultaneous equations as compared to FIML. Bollen
(1996Db) developed an algorithm to automatically select model-implied instruments; Bollen &
Bauer, (2004) later programmed this is SAS and Bauldry, (2014) programmed a similar
procedure for general use in Stata, both of which made the process of using MIIV-2SLS more
accessible. Bollen & Maydeu-Olivares, (2007) developed a polychoric instrumental variable
estimator which can be used for models with categorical indicators. Bollen (1996b), proposed the
use of Sargan’s test with MIIV-2SLS and Kirby & Bollen (2009) further developed their use and
evaluated their performance for systematically investigating model misspecification. Bollen et al.
(2014) developed generalized method of moments MIIV estimator (MIIV-GMM). Finally,
Nestler (2014a, 2014b) explored estimating growth models with MIIV-2SLS.

Though | have mentioned several of the beneficial qualities of MIIV-2SLS 1 think it is
worth briefly revisiting each again. The MIIV-2SLS estimator is distribution free, that is, the
asymptotic standard errors can be used in significance testing even when observed variables are
non-normal or have excessive multivariate kurtosis (Bollen, 1996b). As comparison, Full-
information maximum likelihood requires the assumptions of normality or no excessive kurtosis,
though there are corrections for nonnormality (ex., Satorra & Bentler, 1994). MIIV-2SLS
estimators are more robust to misspecification. Here I am referring to structural misspecification;
and it does not mean we have full robustness, but that model misspecification is less likely to
spread throughout the model than full information estimators. For example, FIML uses

information from the full system to estimate all parameters. This means that if one part of the
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model is misspecified, this information might influence estimates throughout, and can spread
bias. MIIV-2SLS might have bias in any given misspecified equation, but that bias is more
isolated and is less likely to spread to other parts of the model. Finally, though this has not been
discussed at length in the literature, it should be noted that MI1V-2SLS is computationally
efficient. It does not require an iterative procedure and instead has a closed form solution. As
models become more complex this property may prove more and more advantageous.

Although the MI1VV-2SLS estimator has been around for over two decades now, its
general use is not widespread. This is likely due to the fact that it has not been readily available
in software, until very recently. Fisher, Bollen, Gates, & Ronkkd (2016) have programmed
MIIV-2SLS estimation into the “MIIVsem” package in R. Given that its use is not familiar
practice to all, I will provide a simple example of estimating a single level CFA model with
MIIV-2SLS. Additionally, this will further facilitate the development of the MIIV-2SLS
estimator for MSEMs.

Suppose we have a simple two dimensional confirmatory factor analysis with eight

observed indicators and two latent variables. The general latent variable model is given by

Yi =a-+ ALl + & (18)
And with the full matrices given by
Yl r(q _All 0 rE17
YZ (04)) A21 0 &y
Y3 as A31 0 &3
Y4 _ a4. A41 0 Ll 84
= las|* [0 ag|lna]* o 19)
Y6 a6 O A62 86
Y7 a7 0 A72 &7
-Y8— g | 0 A82- Eg

L, is measured by Y; — Y, and L, is measured by Y; — Ys. In order to identify the model and

scale the latent variable we set a; = a5 = 0 and Ay; = Ag, = 1. To apply the MIIV-2SLS
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estimator to this model we will go through two steps. (1) Is to transform the model equations
from latent variable equations to observed variable equations. And (2) is to identify MIIV’s and
perform instrumental variable regression.
To re-express the model equations as observed variable equations, we algebraically
manipulate the scaling indicators.
Vi=Li+ &
(20)
Li=Y — &
And we perform a similar transformation with L, andYs. With the latent variables expressed as
observed variables, we simply substitute in the observed variable expression for every L, and L.
For Y, we start with
Yo = ay,+ AL+ & (21)
And after substituting the observed variable expression of L;, we have
L=a+M M-+ & (22)
Finally, to simplify the expression we distribute A,; and create a composite error term to get
Yo = a, + Ay Y +uy (23)
which is an observed variable equation which suggests a simple regression model. However, we
cannot use OLS regression because we would violate the typical assumption that the explanatory
variables are uncorrelated with the composite error. Instead we can use instrumental variable
regression to estimate the equation.
A valid instrument needs to be: correlated with the offending explanatory variable,
uncorrelated with the equation disturbance term, and the rank of the covariance matrix of Z and
X (where Z contains all instrumental variables and X contains all X variables) is equal to the

total number of X variables (Bollen, 1996b, 2012). Given the structural nature of the equations in
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CFA and SEM it is worth noting that instruments vary from one equation to the next. Identifying
MIIV’s is an important step in this procedure and as it has been mentioned there have been
several developments for automating the task in a variety of statistical software environments
(Bauldry, 2014; Bollen & Bauer, 2004; Fisher et al., 2016). Once we have identified our MIIV’s
we perform instrumental variable regression, equation by equation. For the Y, equation, we
determine that Y; — Yy are possible instruments. We regress Y; onto instruments to form ;.
Finally, we regress Y, on ¥;to obtain estimates of a, and A,,. The same steps can be performed
with all equations in the model.

While the two-step process is a useful way to think of performing MIIV-2SLS, it can also
be done in a one-step procedure using the following expression

A=2Z'2D)'Z'y (24)
where
Z=vWv)yWwz (25)

And Z is a block diagonal matrix of indicators, V is a block diagonal matrix of instrumental
variables corresponding to various model equations. The derivations of this single equation form
are developed and explained more fully in (Bollen, 2001).
MIIV-2SLS Estimator for MCFAs

In order to apply MIIV-2SLS to MSEM’s I borrow from the pseudo-maximum likelihood
MSEM methods which separated the within groups and between groups covariance matrices.
The Goldstein approach and the MUML approach were both two-step methods which broadly
involved (1) estimating within groups and between groups covariance matrices and (2) using
maximum likelihood and within/between covariance matrices to estimate within and between

parts of the factor model. | am proposing a simple extension of these methods where MIIV-
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2SLS is applied in the second step in place of ML. Using the Goldstein approach and the MUML
approach as two different starting points, | have two possible MIIV-2SLS estimators. | should
note that here is that we will be using covariance matrices to fit MIIV-2SLS. Fox (1979)
describes 2SLS estimation using only covariance matrices and those results can be adopted for
this application; all of the general principles of MIIV-2SLS discussed prior still apply.

For the first possible estimator I will combine the Goldstein approach with MI11V-2SLS.
From here | will refer to this as Goldstein-MIIV. First, estimate within-groups and between-
groups variance covariance matrices with a three level multilevel model as we did in Equation
(11). Second, apply MIIV-2SLS to the within-groups and between- groups covariance matrices
separately to estimate the within and between portions of the MSEM. Based on prior research |
might expect Goldstein to be better in cases of unbalance. On the other hand, using a parametric
model in the first step requires additional distributional assumptions so Goldstein-MI1V might
not perform as well given non-normality.

The second possible approach would be to combine the MUML estimator with MIIV-
2SLS for another hybrid approach. I will refer to this estimator as MUML-MIIV. The first step
would be to decompose the variance into the between and within levels as given in the MUML
estimator in Equations (16) and (17). And again once the variance has been decomposed perform
MIIV-2SLS on the covariance matrices separately. MUML-MIIV will be more computationally
efficient and likely will perform less well given unbalanced clusters. Additionally it makes fewer
distributional assumptions so we might expect it to be less affected given non-normality.

These two approaches may have several general advantages over FIML and the MUML
and Goldstein approaches. Prior research has shown the general efficacy of the MUML and

Goldstein estimators and we will leverage that work by using their strategies for decomposing
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variances. Further, | expect that MI1V-2SLS in this case will be more robust to model
misspecification than FIML. By using MIIV-2SLS we will have access to Sargan’s tests of over-
identification which is has been shown to be useful for pinpointing model misspecification on an
equation by equation basis in single level SEMs. That said, | would like to add a note of caution
that Sargan’s test was derived in the context of single level analyses. It has not been used in a
case like mine where the between and within covariance matrices are estimated separately. It
remains to be proven whether the assumptions of Sargan’s test hold in these conditions. Finally,
MUML-MIIV should be more computationally efficient than other approaches and require fewer
distributional assumptions.

The proposed approaches are not without complication either. Standard errors of our
model coefficients might not reflect the normal 0.05 alpha levels. As mentioned previously
simulations with the MUML estimator found the nominal alpha levels for the between-groups
model was 0.08 instead of the expected .05. While one of the proposed advantages are the fewer
distributional assumptions, this may be less applicable to the Goldstein approach because this
model starts with the 3-level multilevel which requires distributional assumptions in order to be
estimated. This 3-level multilevel model may be burdensome to estimate as well, given the
number of random coefficients.

Additionally, the procedures being tested here are multi-stage statistical procedures. Two
stage least squares is obviously a two stage procedure; we are adding an additional stage prior to
2SLS, creating 3-stage estimation procedures. Complications arise in multiple stage estimation
procedures as uncertainty is not carried forward between steps. For example with Goldstein-
MIIV, variance/covariance parameters from the first stage are treated as if they were the usual

single level sample covariance matrix when they are used with 2SLS. We know that these
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covariance parameters are estimates and we do not know whether they have similar or different
sampling properties. In other words, no corrections are applied for the analysis being done on the
decomposed covariance matrices in contrast to the usual single level covariance matrices upon
which the test statistic is based. WE suspect that this has the potential to lead to problems with
standard errors though it should not bias point estimates.

In sum, | have attempted to make the case that although ML has excellent properties it
requires strong assumptions which are often unmet. Given this | developed two possible MIIV-
2SLS style estimators, each with their own potential strengths and weaknesses. Next | evaluate
the performance of both estimators with a Monte Carlo simulation study varying several factors
that | describe in the next section. As a part of this simulation study, | had three primary
hypotheses:

1. Given a correctly specified model, balanced clusters, and multivariate normality,
Goldstein-MI1V and MUML-MIIV would perform similarly to FIML with a possible
slight loss of efficiency.

2. Given structural misspecification, Goldstein-MIIV and MUML-MIIV would be more
robust to bias than FIML.

3. Violations of multivariate normality will disrupt the efficacy of FIML and Goldstein-
MIIV (MUML-MIIV being robust), and unbalanced groups will disrupt the efficacy of

MUML-MIIV.
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Chapter 2: Simulation Study
Simulation Design
Data were simulated based on the population model given in Equation 1. Figure 1 shows

the model via path diagram. Population values are given as:
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The data were generated varying cluster size (CS: 30, 100), number of clusters (CN: 30,
100), balance of cluster sizes (CB: balanced vs unbalanced), and underlying data distribution. CS
varied between 30 and 100, both of which would be considered large cluster sizes. CN varied
between 30 and 100 as well. Again both of these are well within the range of good, however 30
clusters would be considered a smaller number of clusters, especially for a complex MCFA
model (McNeish & Stapleton, 2016). Given the novelty of the approach the goal was to examine
how these new estimators perform under ideal conditions. Even at the lowest possible total

sample size (CS=30, CN=30), | have a fairly large N=900. I chose to examine more ideal CS and
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CN, though in practice applications are likely to encounter smaller CS and CN. I revisit cluster
and sample size in my discussion.

In addition to CS and CN, | varied the balance of clusters and the underlying data
distribution. Both of these factors were chosen to differentiate possible weaknesses of MUML-
MIIV and Goldstein-MIIV respectively. Previous single level MCFA studies suggested that
unbalanced clusters led to underestimated SE’s with MUML (Hox & Maas, 2001). In this study
‘unbalanced’ data were generated such that cluster sizes were equal to the average cluster size
plus or minus 15. For example, when CS=100 the smaller cluster size was n=85 and the larger
sample size was n=115. A more severe disparity in size happens when CS=30 because the
smaller cluster size n=15 and the larger cluster size n=45.

Varying the data distribution was expected to have the most impact on the Goldstein-
MIIV estimator and FIML estimation. Here we have the added complication that data at both
levels can stray from multivariate normality. | used four different conditions: (i) multivariate
normal at the within and between level (W-MVN; B-MVN), (ii) Within Level: Skew=2,
Kurtosis=8; between level: multivariate normal (W-SK; B-MVN), (iii) within level: multivariate
normal; between level: skew=2, kurtosis=8 (W-MVN; B-SK) and, (iv) skew=2, kurtosis=8, at
both the within and between levels (W-SK; B-SK). The values of skew=2 and kurtosis=8 were
chosen to be within the range of skew and kurtosis found commonly in applications (Micceri,
1989). In addition, previous simulation studies have found these levels of skew and kurtosis to be
problematic in both single level SEMs as well as multilevel SEMs (Bauer & Curran, 2003;
Curran & West, 1996; Ryu, 2011). Multivariate non-normal data were generated following the

procedures outlined by Fleishman (1978) and Vale & Maurelli (1983).
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In addition to between cell conditions I examined two within cell conditions: model
specification and estimator. | fit each dataset with four different model specifications, namely the
true model and 3 separate misspecified models, each missing a single model parameter. Dotted
or Dashed lines in Figure 1 represent each of the 3 misspecified paths (while the true model
contains all solid, dotted and dashed lines). The first misspecification was missing the cross
loading Ly, by Y5. The second misspecification was missing L,,by Y2, and the third
misspecification was missing the correlated errors between Y2 and Y3.

Conditions were not fully crossed, and | will briefly describe the exact combinations of
factors examined®. The first set of results pertain to ideal conditions and model misspecification.
| generated data from the 4 cells corresponding to all combinations of CN/CS holding clusters
balanced and assuming multivariate normality (i.e., isolating the effects of sample size and
model specification). | generated 600 data sets for each cell, and then fit each data set with all
combinations of model specification and model estimators (2400 unique datasets and 28,000
unique models). Next I examined the effects of skew and kurtosis by generating all data for the
16 cells corresponding to all combinations of CN/CS/Skew/Kurtosis holding clusters balanced.
Again | generated 600 data sets for each cell and this time fit each with all three estimators and
only the true model specification (9600 unique datasets and 28,800 unique models). Finally, I
examined the effects of unbalanced data by generating data from the 4 cells corresponding to all
combinations of CN/CS, with unbalanced clusters assuming multivariate normality. | generated
600 datasets for each cell and fit each with all three estimators and only the true model

specification (2400 unique datasets and 7200 unique models).

5 1n reality, | did run this simulation fully crossed. That’s 384 experimental conditions, 19200 independent datasets
and 230,400 models fit. However, this was far too much to summarize in any reasonable way. Here I’'m presenting
what | see as some of the most relevant results, generally isolating factors and considering it with respect to
sample size.
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Data were generated such that intraclass correlations were kept around 0.1 and 0.15. Hox
et al. (2010) found no effect of this in a similar MSEM simulation and Preacher et al., (2010)
have suggested that ICC’s lower than .05 are likely to cause convergence problems. All data
were generated in R. Multivariate normal data was generated using the ‘mvrnorm’ function from
the ‘MASS’ package and non-normal data were generated using the ‘mvrnonnorm’ function
from the ‘semTools’ package (Jorgensen, 2016; Venables & Ripley, 2002). FIML models were
fit in Mplus with the ‘MLR’ estimator (robust maximum likelihood, which is the default in
Mplus for any multilevel procedure). MUML-MIIV and Goldstein-MI1V estimators were fit in R
with self-programmed covariance decomposition functions in conjunction with the ‘MITVsem’
package (Fisher, Bollen, Gates, & Ronkkd, 2016). Goldstein-MIIV decompositions were
estimated with REML.

There is one final important note about how instrumental variables were selected for the
MIIV procedures. Table 1 shows each indicator and all possible MIIVs across true and
misspecified conditions. For within group’s factor loading I used all MIIVs for each equation
(varying over true and misspecified conditions). For any given equation there were between one
and four instruments. For the between level factor loadings, two instruments were randomly
selected (different for every iteration) from the list of all possible MIIV’s. Previous studies have
shown that using too many instruments with small sample sizes can lead to downward bias. Thus
to mitigate this problem, I used a random procedure to select a different subset of MIIV’s for
each iteration.

To summarize and compare results | examined a few outcomes. Since MIIV-2SLS has
been shown to be more robust to misspecification | used percent bias as one of my primary

outcome measures.
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% bias = (T)X 100 (26)

| also looked at the Root Mean Squared Error as another measure of discrepancy between the

true and computed parameters.

RMSE = /E((é —6)?) (27)

| examined the variability of the parameters by looking at the empirical standard deviation of
simulation estimates as compared to the mean standard error reported for each estimate. Finally,
| summarized the performance of Sargan’s test by examining proportion rejection rates across all
of the conditions discussed.
Results

Given that two of the estimators involved iterative estimation procedures (FIML and
Goldstein-MI11V), as a first step | checked the integrity of the models by sweeping through all to
find non-convergent solutions. Surprisingly, non-convergence was less of an issue than was
expected. Table 2 reports the number of models that converged across a variety of conditions.
Only a handful of FIML models failed to converge and all Goldstein-MIIV models converged.
Given this result | decided to summarize all converged solutions (all solutions for MUML-
MIIV). For the models that did not converge with FIML, sensitivity analysis suggested that their
inclusion for MUML-MIIV and Goldstein-MI1V results did not unduly influence my findings.
Thus, I included them in all reported analyses.
True Model, No Skew/Kurtosis, Balanced Clusters
The first subset of results I examined was the ‘best case’ scenario. Here | compare the Goldstein-
MIIV and MUML-MIIV estimators to FIML in the conditions with no violations of any

structural or distributional assumptions. Figure 2 illustrates the percent relative bias by CN and
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CS for factor loadings. | found evidence that MI1V estimators are performing well across all
sample sizes examined. | did not find any mean relative bias across different sample sizes. In
general, | note that the spread of relative bias scores increases as sample size decreases, this is
normal and to be expected. Additionally, the spread of parameter estimates are slightly larger for
MIIV-estimates, as compared to FIML, suggesting a very slight loss of efficiency; this effect is
most pronounced at CN=30 and CS=30 and disappears as the cluster size increases. For between
level factor loadings | found similar results and less of a difference in terms of efficiency. The
difference in variability between within groups factor loadings and between groups factor
loadings is also immediately apparent. This is due to the fact that the effective sample size at the
between group level is much smaller than at the within level. Across different CN and CS |
found negligible mean bias for FIML as well as MIIV estimators. Interestingly, at the smallest
sample size in this simulation FIML starts to be positively biased while MIIV estimates have no
mean bias.

Figure 3 displays relative bias for the variance/covariance parameters. Similar to factor
loadings we find these parameters to have no overall mean bias and a similar variability in
estimates across estimators. The variance of the between latent factor, ‘LB’, does have a small
amount of negative median bias in the CN = 30, CS = 100 condition; despite the median being
negatively biased, the mean is still roughly zero. The other general trend we note is that the
variability in the between groups latent factor estimates is considerably larger than within, which
is due to the smaller effective sample size.

Table 3 reports the RMSE for all loadings across the four CN/CS conditions here. |
generally found RMSE’s between FIML and MIIV estimators to be roughly equal. FIML had a

slight tendency to have smaller RMSE’s, though these differences were tiny and in most cases
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non-existent. This is most pronounced at the smallest N and is least pronounced at the largest N
and for between groups factor loadings.

Table 4 reports the empirical standard deviations with the mean standard error reported
from each model. For within factor loadings, FIML and MUML-MIIV standard deviations vs
mean standard errors are very close to one another across conditions. This is what | would expect
and hope for, because it suggests the reported standard errors reflect the actual variability of
estimates. The Goldstein-MIIV estimates had a slight tendency to underreport standard errors for
these within factor loadings. In general, Goldstein-MIIV and MUML-MIIV have similar
empirical standard deviations. Goldstein-MIIV then reports a mean standard deviation too small
whereas MUML-MIIV reports a mean standard deviation more similar to the actual spread of
estimates. At the between level, both MIIV estimators had a tendency to under report standard
errors. At the largest sample sizes, this was not much of a problem. However, this became more
pronounced as CN/CS decreased and was especially noticeable at CN=30/CS=30. Although, at
this sample size even FIML had a tendency to underreport standard errors, but the discrepancy
was not as large as it was for MIIV estimators. For the time being it is unclear why this happens.
In the future a bootstrap SE or cluster robust SE might do well to help alleviate this disconnect.
Performance under structural misspecification
| fit the exact same datasets from above with three different misspecified models, still holding
clusters balanced and all data as multivariate normal. This allowed me to assess the effects of
model misspecification alone.

Figure 4 displays percent relative bias for loadings given a model which omits a single
cross loading, L1 measured by Y5. Immediately, we can see the effects of misspecification for

all three estimators on the factor loadings L2 measured by Y5. All three estimators exhibit mean
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relative bias at or greater than 9% for this particular loading. FIML has the most bias, then
MUML and then Goldstein. Beyond this single loading directly affected by the misspecification,
several other paths have mean bias with FIML; we can see the spread of bias which has been
noted as a potential shortcoming of FIML. In contrast to this pattern, for Goldstein-MI1V and
MUML-MIIV none of the unaffected paths have mean relative bias. In other words, MIIV’s
appear to be more robust to this structural misspecification. Interestingly, the mean percent bias
is stable across sample sizes. Finally, FIML had the most mean relative bias at the between level
as well (still less than 5%) suggesting a possible cross level contamination of misspecification.
MIIV between level loadings are unaffected, suggesting MIIV’s are not as susceptible to such
cross level contamination of misspecification.

Table 5 reports the RMSE for this misspecified #1 condition. In addition to being most
affected by in terms of mean bias, FIML also has the greatest increase in RMSE—this is mostly
true for within factor loadings. Under ideal conditions FIML had general lower RMSE’s;
however with this misspecification, within loadings also have an increase RMSE. Except for the
single affect paths for MIIV’s, RMSE stayed almost identical to the true model case. For
between factor loadings, FIML generally still had smaller RMSE, though this difference was still
small.

Finally Table 6 reports the empirical standard deviations vs mean standard errors of the
estimates. Similar to my findings in the true model scenario, FIML and MUML-MIIV estimates
of mean standard error match the empirical standard deviation well for within groups factor
loadings. Goldstein-MIIV still reports smaller than normal mean standard errors. At the between
level, I found all estimators underreporting SE’s as the smaller sample sizes, but MIIV estimators

do worse than FIML.
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| considered two additional structurally misspecified models. In the second
misspecification | omitted a different factor loading. In the third misspecification | omitted a
single correlated error. The findings here reflect much of the same pattern for misspecification
#1. For this reason | summarize these misspecified models together and more briefly.

Figure 5 and Figure 6 show relative bias for misspecification #2 and #3 respectively. In
misspecification #2 | found a pattern of bias spread similar to misspecification #1 though slightly
more severe. The omitted path here occurs with an item that also has a correlated residual,
meaning more paths are effect to this omission. As with before we see that bias spreads to more
than a single path for FIML but is retained for just a single path with Goldstein-MIIV and
MUML-MIIV. Misspecification #3 has the most unique pattern. The two loadings directly
affected by the missing correlated residual are biased for all three estimators. Interestingly, the
cross loaded path is more biased for MUML-MIIV and Goldstein-MIIV. This was a slightly
unexpected result. As with previous models FIML has the most bias for between level factor
loadings suggesting a possible cross level spread while this does not happen as much for M1V
estimates.

Table 7 and Table 9 display the RMSE’s for misspecification #2 and #3 respectively. As
a general pattern FIML has larger RMSE’s than both the Goldstein-MIIV and the MUML-MIIV.
Both MIIV estimators perform similarly across items. Table 8 and Table 10 display the empirical
standard deviations and mean standard errors for misspecification #2 and #3 respectively. As
with the other conditions examined so far, for within factor loadings | found that the empirical
standard deviations match the mean standard errors for FIML and MUML-MIIV while the
Goldstein-MIIV has mean standard errors that are too small. Finally I found mean SE’s are

underreported for MIIV estimators especially at smaller sample sizes.
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Taken together these misspecified models generally confirm my hypothesis that MIIV-
style estimators would be more robust to structural misspecification. These results are in line
with previous simulation studies examining single level SEMs. Additionally, these results
suggest that the particular misspecification is an important factor in the performance of all of
these estimators. The robustness of the MIIV estimators relies on selecting unaffected
instruments. When the model misspecification affects the instrument selection for many
equations the MIIV estimators are going to be less robust as we saw in misspecification #3. This
could perhaps be mitigated by selecting fewer MIIV’s.

Performance under distributional misspecification

For this section the four skew/kurtosis conditions were crossed with CS/CN, holding
clusters balanced and only using the true model specification. I ran these conditions with across
all sample sizes, however for simplicity tables and figures fix CN=100 and CS=30. Analysis of
other cluster sizes revealed that general trends were consistent across cluster size and number of
clusters. As a general trend results in this section are similar to pattern seen in the true model
condition. Generally bias and RMSE are barely affected, and some of the most pronounced
effects can be seen in estimates of variability and uncertainty.

Figure 7 displays the relative bias for conditions with skew and kurtosis. In terms of
relative bias all three estimators appear to be fairly robust to skew and kurtosis at the levels |
specified in this simulation. Perhaps the largest effect can be seen for the between factor
loadings in conditions of between group skew. Here, mean relative bias tends to hover between
one and three percent for most between factor loadings. However, this is still a very limited
amount of mean percent bias. Additionally, it appears as though FIML has slightly higher mean

percent bias at the between level, but again these differences are small.
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Table 11 reports RMSE for the skew/kurtosis conditions. Here | did not find as much
differentiation between the estimators. For a handful of factor loadings I found a slight advantage
for FIML (ex., L1 measured by Y?2). However for the majority of parameters | found similar
RMSE’s across.

Table 12 reports empirical standard deviations and mean standard errors for this
condition. Effects of skew and kurtosis were most pronounced for these metrics. In general
skew/kurtosis creates more variability in estimates, as expected. However, while there is more
variability, mean standard errors do not always reflect this. All three estimators have a tendency
to under-report standard errors given these distributional misspecifications. These effects are
most pronounced for MIIV estimators and this is especially prominent for the between groups
factor loadings given between level skew and kurtosis.

Based on prior research | expected skew of 2 with kurtosis of 8 to have more of an effect
than | saw here. Though this result does not confirm the hypothesis, | find it positive to know
that all three estimators are generally robust at levels of skew and kurtosis considered high. Often
studies of skew and kurtosis in SEM deal more with the effects on global model fit parameters,
which I did not examine here (Curran & West, 1996; Ryu, 2011). In single level SEM, Satorra
(1990), showed that parameters remained consistent under distributional misspecification
(though not structural), and showed that if errors are generated independently from explanatory
variables in equation then estimates of precision were also robust. More work could be done to
examine more extreme levels of skew and kurtosis.

Performance given unbalanced data
Figure 8 contains the relative bias plots for the unbalanced data. | predicted that

unbalanced clusters would create the most problems for MUML-MIIV; instead | found that
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unbalance at the levels specified here did not have as much of an effect. | will refer to average
cluster size (Avg-CS), implying that the clusters sizes are actually bifurcated around that
average. In terms of mean percent relative bias there was no effect for the within groups factor
loadings across as Avg-CS and CN. This was expected given that cluster sizes typically have an
effect at the between level. At the between level | found low levels of mean relative bias. At the
larger sample sizes FIML and MUML-MIIV had slightly more mean relative bias than the
Goldstein-MIIV. This trend generalized somewhat to other sample sizes, but was not universal
(i.e., for some loadings Goldstein-MI1V had the most mean relative bias). In general | expected
Goldstein to be more robust to cluster unbalance, and | found some evidence of this at CN=100,
but less evidence at CN=30. I suspect that as CN increases, so does Goldstein’s robustness to
cluster unbalance, though future work will have to examine this more closely.

Table 13 contains the RMSE’s for unbalanced cells. | continued to find the general trend
that FIML has lower RMSE’s at the within level, although in most cases this difference was
slight. Between level factor loadings had almost no differentiation between RMSE at the highest
Avg-CS/CN; at Avg-CS=30 and CN=30 I found the opposite effect that Goldstein and MUML
generally have smaller RMSE.

Table 14 contains the empirical standard deviations vs the mean standard errors of
estimates for unbalanced cells. In terms of standard errors | found more similar patterns as
before. At the within level and across all Avg-CS and CN, FIML and MUML-MIIV have mean
standard errors similar to the empirical standard deviation of estimates, while Goldstein-MI1V
has a tendency to under report mean standard errors. At the between level | found performance

of all estimators to be relatively even. At Avg-CS=30 and CN=30 | found that all estimators
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under-report standard errors. This trend is actually most pronounced for FIML which has the
largest empirical standard deviation of between groups factor loading estimates.
Examining Sargan’s test performance

Sargan’s test for misspecification is a major advantage of using MIIV estimation. While
FIML offers global fit statistics, if researchers have over-identified equations with MIIV’s then
they have the ability to test for local misspecification one equation at a time. Given that MIIV
estimation has never been done for multilevel CFA. | wanted to examine the performance of the
test with these estimation procedures. Obviously, Sargan’s test was not developed with the
procedure of decomposing data into within groups and between groups covariance matrices. That
is, I was unsure if the proposed estimators would meet the usual assumptions of Sargan’s test and
still provide a useful tool in this context. To examine the functioning of Sargan’s test |
summarize the percent rejection rates for each indicator across various conditions.

Figure 9 presents Sargan’s rejection rates for the true model specification. Give that this
model has no misspecification | would expect to reject the null hypothesis at the alpha level of
5%. Starting with the largest sample size two distinct findings jump out. 1. For within groups’
factor loadings, the Goldstein-MIIV estimator has a much higher base rejection rate than the
expected alpha level (rejection rate was between 20% and 30%). 2. MUML-MIIV Sargan’s has
almost exactly 5% rejection for within loadings and both Goldstein-MIIV and MUML-MIIV
have roughly 0.06-0.08 rejection rates at the between level. At the between level this is obviously
a bit elevated, though not egregious. Previous studies examining Sargan’s test with single level
MIIV estimation found similar alpha levels at small samples sizes (Kirby & Bollen, 2009).
Across the other sample sizes we see the same pattern described. When the number of clusters is

small, alpha levels were elevated for both Goldstein-MIIV and MUML-MIIV. For within groups
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factor loadings, MUML-MIIV alpha rates stay consistently around 0.05 across all sample sizes,
and the Goldstein-MIIV alpha rates remain elevated. The failure of the Goldstein MIIV Sargan’s
test is a bit perplexing given the relative success of the MUML-MIIV. This is likely related to the
smaller reported standard errors—correcting the standard errors in the Goldstein procedure will
likely help alleviate the shortcomings of Sargan’s here. This problem persists throughout the rest
of the comparisons.

The true advantages of using Sargan’s test are more apparent in Figure 10, Figure 11 and
Figure 12, which illustrate alpha levels across the various misspecifications. The general trends
found in the true model specification remain, however for each of the misspecification Sargan’s
test flags one or more paths as misspecified. In misspecification #1, both Goldstein-MIIV and
MUML-MIIV flag the L2 measured by Y5 path 100% of the time. Recall that the misspecified
path in this model is the cross loading L1 measured by Y5. Looking back at Figure 2, the mean
relative bias plot for misspecification #1, we see that L2 measured by Y5 is the only path which
is biased for MIIV estimators. This pattern is the similar across misspecification #2 and #3.
Sargan’s test flags paths which also happen to be the most biased paths in the model.

Finally, Figure 13 and Figure 14 display the performance of Sargan’s test given
skew/kurtosis and cluster unbalance respectively. Skew and kurtosis raises the rejection rates for
the level of factor loadings with skew/kurtosis. As with Goldstein, this may be related to
problems with standard errors in the skew/kurtosis conditions. Unbalanced clusters has a less
pronounced effect, but it does lead to slightly higher rejection rates for the between groups
factors mostly. Interestingly this seems to be more related to the size of the clusters than to the

number of clusters.
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Chapter 3: Conclusions

Full information maximum likelihood has become the de facto estimation routine for
multilevel CFA, and this is not without reason. We know that given the correct model and no
excessive multivariate kurtosis, FIML will be asymptotically efficient and asymptotically
unbiased. FIML handles missing data effortlessly. FIML can incorporate random slopes and
more than two levels. FIML is flexible and in many circumstances it makes perfect sense that it
is used widely. However, | have tried to make the argument that despite its usefulness and
flexibility it also makes strong assumptions. Without meeting these assumptions, researchers
have no guarantee about the asymptotic efficiency and asymptotic unbiasedness of FIML
estimates. Therefore, in circumstances when it is possible to use limited information estimators it
may make sense to do so.

Limited information estimators have been shown to be excellent estimators often
requiring fewer and less rigid assumptions (Bollen 1996a). In this paper | developed and
evaluated two such estimators: The Goldstein-Model Implied Instrumental Variable Estimator
and the MUML-Model Implied Instrumental Variable estimator. Following analytic
developments of the MIIV estimator for single level SEM’s, I developed two novel procedures
for using MIIV’s to estimate multilevel CFA models. Finally, | evaluated both new estimators in
a direct comparison to FIML with a Monte Carlo simulation study varying a variety of factors.

It should be emphasized that the MI1V-estimators evaluated here are not meant to be
replacements for FIML in all multilevel CFA models. Indeed, in their current form they are

limited in several ways compared to FIML. While FIML can incorporate random slopes, the
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MIIV approaches as implemented here cannot. FIML can incorporate more than two levels and
MIIV approaches here cannot. FIML can easily handle missing data while MUML-MIIV would
need multiple imputation. This is to say that MUML-MIIV and Goldstein-MIIV may be useful
for many multilevel CFA models but cannot compete with the general flexibility of FIML and
thus FIML is certainly still necessary in many multilevel CFA models, particularly more
complex models.

That said, our results suggest that both MI1V estimators performed well in the conditions
| considered, with the MUML-MIIV being a clear favorite between the two. Starting with the
best case scenario (i.e., True model, no distributional misspecification, and balanced clusters),
Goldstein-MI1V and MUML-MIIV performed comparably to FIML. This best-case scenario is
unlikely to resemble modeling in practice as it is highly unlikely we ever have the true model.
However, this was an opportunity to compare ideal properties. The MIIV estimators had a slight
loss in efficiency as compared with FIML, however the difference was minute, found mostly in
this true model condition. The real advantages of using the MUML-MIIV or Goldstein-MI1V
estimators was apparent in the misspecified model conditions. In these cases, which are arguably
much more likely to resemble CFA with real data, | found that M1V estimators were much more
robust to bias due to misspecification. When we do not know the ‘True’ model, it is all but
guaranteed that our models will include some misspecification. These types of scenarios are the
norm, and they happen to be when the MIIV estimators outperformed FIML.

My results were largely focused on factor loadings as the primary outcome, although |
also considered variance covariance parameters in the True Model condition. These results
indicated that we could also estimate variance covariance parameters with MII'V’s similarly to

FIML. I should note that there are important considerations here. Computing variance parameters
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with MIIV procedure requires an additional stage in the estimation process, where factor
loadings are treated as fixed and covariance parameters are estimate. This is an additional stage
in an estimation routine that already has 3 stages. Though our results suggest variance covariance
parameters were estimated with no mean bias and similar efficiency to FIML, in some cases the
multi-stage process might cause more issue. Additionally, standard errors are not as easy to
obtain on variance components with MIIVs. We did not compute them here, though it is possible
to estimate them with bootstrapping. FIML, on the other hand, provides these for free.

Despite the positive performance of both MIIV estimators in terms of mean relative bias
and RMSE, they did have a problematic tendency to underestimate standard errors. For MUML-
MIIV this tendency was most noticeable at small sample sizes for between groups factor
loadings and given non-normality and cluster unbalance. In addition to those circumstances,
Goldstein-MIIV had a slight tendency to underestimate standard errors for within loadings even
at large sample sizes. It should be noted that even FIML had a tendency to underestimate
standard errors for between groups factor loadings at CS=30, albeit the discrepancy was less.
Though corrections are likely possible for the MIIV estimators, it is also possible that thirty
clusters is an inadvisably low number of clusters for fitting complex multilevel factor models.
Obviously, underestimating standard errors is problematic and something which needs to be
considered heavily. Future studies will need to investigate this further and perhaps consider
corrections such as bootstrapping which has its own complications with multilevel data (van der
Leeden, Meijer, & Busing, 2008).

Of course, the particular type of model misspecification is a major factor in how much
bias is introduced into the model. In this simulation, a single omitted cross loading created

several biased paths for FIML and a single biased path for MIIVs. A single omitted cross loading
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with an indicator with a cross loading created more bias for FIML and more bias for MIIVs
(though still less than FIML). Finally, an omitted correlated residual created the most mean bias
for all three estimators, and in one particular path MIIV’s had more mean bias than FIML. While
MIIV’s in general had less mean bias due to misspecification, MIIVs did not always have the
least mean bias, and it may vary model to model.

Additionally, there are a variety of types of misspecification and no study is able to
simulate all the possible discrepancies models and reality. This study and many MIIV-2SLS
studies have been more focused on model misspecification as it arises from omitting true
relationships and included null relationships. It might be that this is the type of misspecification
MIIV-2SLS is most robust to. However, discrepancies between models and reality can come in
many forms (Cudeck & Henly, 1991; Linhart & Zucchini, 1986; MacCallum, 2003; MacCallum
& Tucker, 1991; Meehl, 1990). MacCallum (2001) discussed the importance of considering
model imperfection and offers an excellent overview of many others who have considered this.
Macallum and Tucker (1991) call the lack of correspondence between reality and our simplified
models model error. Cudeck and Henly (1991) call the same phenomena approximation
discrepancy. MacCullum and Tucker (1991) discussed five sources of model error concluding
that the true phenomena producing the population covariance matrix may never be captured by
the linear factor analysis. The true population values come from relationships and factors far too
complex to ever be captured completely in our models—this type of model error might not be
well represented by the misspecifications we have offered here. These more complex types of
model error may appear as small error across all parameters instead of simply one missing
misspecified path. MacCallum and Tucker provide a framework for including diverse sources of

error in single level factor analysis. Future work should consider a more diverse set of
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misspecifications and model errors to more fully understand how MIIV-2SLS performs given a
variety of model errors.

There may be more ways to control the spread of bias with MIIV’s that were not
employed in this particular study. Bias with MIIV’s is a direct result of the instruments used in
each equation. When bad instruments are used, this creates bias for MIIVs. In this study, to
estimate each within equation, I used all possible MIIVs. This increases the chance of using a
bad instrument, and increasing the chance that bias may spread. One possible option would be to
limit the subset of MIIVs to be a smaller subset, decreasing the chances that bias spreads (though
not a guaranteed result). Although, this has the negative consequence that Sargan’s test is less
useful in identifying model misspecification. Future research should examine particular
strategies for deciding how many MIIVs to include.

Given model misspecification, I cannot overlook the importance of Sargan’s test as a
useful tool when using MIIV estimation. In the single level case, Sargan’s Test has been shown
to offer a more specific strategy for testing model fit as opposed to typical global fit statistics. At
the outset, | was not sure if the conditions of splitting covariance matrices at two levels, would
meet the typical assumptions of Sargan’s test. In this simulation | showed that there was a direct
correspondence to Sargan’s test flagging misspecification and biased paths. Sargan’s test with
MUML-MIIV also had roughly appropriate alpha levels, while the Sargan’s with Goldstein-
MIIV had elevated alpha levels. In general, Sargan’s offers researchers an excellent way to test
specific paths in their model. With FIML, we have very little information about which paths are
likely to be biased, or where our model is misspecified. This is even more pronounced in the
multilevel case where model fit describes both levels simultaneously. With FIML a poor model

fit statistic could be due to poor fit at the within level, poor fit at the between level, or both! With
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MUML-MIIV in particular | showed that each path at the between and within levels can be
tested for model misspecification.

The failure of Sargan’s test with the Goldstein-MIIV estimation routine is somewhat
perplexing. | suspect that this is related to the underestimation of standard errors; further |
suspect that both of these problems are related to the fact that we are not accounting for sampling
variability from the first stage of the analysis. By not taking into account the sampling
distribution of the between and within covariance matrices, we have no guarantee that the Sargan
test would work. I speculate that this is the root of both of these problems. With Goldstein we are
underestimating the amount of uncertainty in our estimates which directly effects our standard
errors and indirectly causes over-inflated rejection rates with Sargan’s Test. This is in line with
previous findings from McDonald and Goldstein (1989), who note that a primary shortcoming in
their procedure is the failure to account for sampling variability from the first stage (Hox, 2010).

Though I have largely talked about the Goldstein-MI1V and MUML-MIIV in tandem so
far, the two were differentiated by two important factors: mean standard errors and baseline
alpha for Sargan’s test. In both of these cases the MUML-MIIV performed better. The Goldstein-
MIIV consistently under reported standard errors while MUML-MIIV did not. Further, Sargan’s
test with the Goldstein MI1V was successful in flagging true model misspecification, however
the baseline alpha for indicators in correctly specified models was far too high (around 0.3). It is
very possible that these two shortcomings are connected. The exact mechanism for this is yet to
be determined, but future work might be able to correct this with bootstrapping or other possible
procedures. The Goldstein-MIIV was proposed as an estimator which | expected to perform

better given unbalanced cluster sizes. | do feel as though there was minor evidence of Goldstein
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offering some robustness to unbalanced clusters as CN increases, further work needs to probe
this more fully.

In addition to performance in this simulation, it should be emphasized that MUML-MIIV
is far more computationally efficient (than both Goldstein-MIIV and FIML). Goldstein-MI1V
involves fitting complex multilevel models requiring additional parametric assumptions.
MUML-MIIV is non-parametric and relies on simple matrix computations. Taken together with
performance it is obvious that between MUML-MIIV and Goldstein-MIIV, the MUML-MIIV is
the better choice given the current development of each. Perhaps future work can modify the
Goldstein-MIIV offer better performance given imbalanced clusters.

An additional advantage of the MIIV estimators proposed in this paper is that they do not
require fitting both the between and within models simultaneously. In practice, if my hypothesis
only involved the within groups factor structure, | could fit only the within groups factor model
(this goes for between as well). This cannot be done FIML as the likelihood function uses
information at both levels simultaneously. In fact, several authors have suggested a correct
within groups factor structure is a necessary but not sufficient condition to having a correctly
specified between groups model with FIML (Muthén & Satorra, 1995; Preacher, Zyphur, &
Zhang, 2010). With M11Vs we could only fit one or the other.

Similarly, by separating the between and within covariance matrices first and fitting them
with MIIVs second, misspecification should not spread from one level to the next. Theoretically,
one level of the model could be catastrophically incorrect and inferences at the opposing level
would be unaffected. We only looked at misspecification at the within level and have evidence
that bias did not spread to the between level. Future, research should also consider

misspecification at the between level. With FIML there was slight evidence of bias spreading
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across levels. This is likely due to the above mentioned fact that the likelihood uses information
from both levels simultaneously. In direct contrast to that MIIV estimation clearly separates the
between and within levels offering a robustness to misspecification spreading across levels. This
is a major difference between these general approaches and it needs to be emphasized. With
FIML, a researcher needs to specify both the within and between level models and both of these
models need to be specified correctly. Without specifying both correctly, neither level has any
guarantee about the quality of the estimates. Given how MIIV’s treat both levels, we can specify
a single level or both, and misspecification at one level is less likely to affect model parameters
at the opposing level.

Though convergence wasn’t a huge issue in this specific simulation prior research has
found the convergence can be a problem with FIML in these complex models. An additional
benefit of MUML-MIIV estimation is that it does not require any sort of iterative routine to
converge. In this way it might be useful to researchers who cannot fit models with FIML.
Goldstein-MI1V does require an iterative routine, but the multilevel model required to
decompose the covariance matrix is much simpler than a full MCFA model. In this way, it is
possible that models are still more likely to converge with Goldstein-MIIV.

This study’s primary purpose was to introduce a possible MIIV estimation procedure and
evaluate it across a number of conditions. Future work should consider a larger variety of issues.
| believe that several extensions could be done with relative ease. The first would be to evaluate
these MIIV procedures’ ability to handle missing data. Goldstein-MIIV should be able to handle
missingness through maximum likelihood in the first stage of the analysis while MUML-MIIV
would require something more complicated such as multiple imputation. I briefly discussed the

possibility of using a bootstrap procedure to correct standard errors. Finally, future work could
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make it possible to use cross level equality constraints. In this paper we estimated the between
and within models completely separately, however it would be simple to add equality constraints
by estimating the within and between models together with a block diagonal covariance matrices.

As with all studies, the current study is not without limitation. The first issue is the
generalizability to other latent variable models. | believe the majority my conclusions should
generalize to other random intercept confirmatory factor analysis models. However, | only tested
one primary structure leaving the possibility that my conclusions may not generalize to all factor
analysis models. Future studies should examine other MCFA structures (e.g., more indicators per
latent variable and more latent variables). In a similar vein, the current approaches were
developed specifically to deal with random intercept MCFA models and not to deal with random
factor loadings. It is unlikely that these specific approaches would be able to handle random
slopes, and thus the proposed estimators will be most useful when models do not have the
complexity of random slopes. Finally, it is possible these approaches generalize to some more
general multilevel structural equation models, but that remains to be tested.

The overall effects of cluster size, skew/kurtosis, and unbalanced clusters were minimal
in my results. On one hand, this is a generally positive result for this type of research in practice.
On the other hand, CS/CN, skew/kurtosis, and cluster unbalance all can be more extreme than
the specific conditions tested in this study. | caution the use of these estimators in more extreme
conditions. Future work will most certainly be needed to test these MIIV estimators in smaller
cluster sizes, with more skew, with more kurtosis, and with more imbalance. These estimators
are certainly not invincible and finding conditions where they fail could be very informative. In
particular, | suspect that certain combinations might be the especially problematic (unbalanced

clusters with non-normality and misspecified models). For example, | suspect that unbalanced
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clusters with a small average cluster size would have more of an effect than either of those in the
current study. More generally the interaction between various misspecifications could be
especially important to examine in future work.

Finally, the current study only dealt with two level models. Though not very common in
practice, it is possible in some frameworks (e.g., FIML and GLLAMM) to specify more than two
level models. The ability of MIIV approaches is currently limited to only two level models.
MUML-MIIV cannot be scaled up to multiple levels. Goldstein-MI1V can theoretically include
more levels, though this remains to be tested. In a similar way, this study only dealt with
random-intercept type models and did not consider random slopes (factor loadings). VVarying
factor loadings across clusters is less common and methods that allow for this are on the
forefront of psychometrics at this time (Hox, 2010). The current MIIV approaches require the
constraint that factor loadings are equal across levels.

In sum, this paper laid the foundation for using MIIV-2SLS to estimate MCFA models.
My Monte Carlo simulation showed that the proposed techniques are a good alternative to the
usual FIML estimation procedure, especially with large samples, balanced clusters, and
multivariate normality. Future work will examine a greater variety of models and conditions to
more fully understand the use of MIIV-2SLS to estimate multilevel confirmatory factor analysis

models.

45



tl%

APPENDIX A: TABLES

Table 1. Reviewing estimation equations and instruments for MI11V-2SLS procedures. Bolded indicators are false instruments based on

the True model, but used in the corresponding condition because they are implied by the specified model.

Regressed On

All possible instruments

Indicator (scaling indicator)  True Model Misspecified #1  Misspecified #2 Misspecified #3

Within Factor Loadings

Y2 Y1 Y5, Y6 Y5,Y6 Y4, Y5, Y6 Y3, Y5, Y6

Y2 Y4 Y5, Y6 Y5, Y6 - Y3, Y5, Y6

Y3 Y1 Y4,Y5,Y6 Y4,Y5,Y6 Y4,Y5,Y6 Y3, Y4,Y5, Y6

Y5 Y1 Y2,Y3,Y6 - Y2,Y3,Y6 Y2,Y3, Y6

Y5 Y4 Y2,Y3,Y6 Y1,Y2,Y3,Y6 Y2,Y3,Y6 Y2,Y3,Y6

Y6 Y4 Y1,Y2,Y3,Y5  Y1,Y2,Y3,Y5 Y1,Y2,Y3,Y5 Y1,Y2,Y3,Y5
Between Factor Loadings

Y2 Y1l Y3,Y4,Y5,Y6

Y3 Y1 Y3,Y4,Y5,Y6

Y4 Y1 Y3,Y4,Y5,Y6

Y5 Y1 Y3,Y4,Y5,Y6

Y6 Y1 Y3,Y4,Y5,Y6




Ly

Table 2. Number of converged FIML models by various conditions and sample sizes, for true model specifications.

CN=100;CS=100 CN=100;CS=30 CN =30; CS =100 CN=30; CS=30

W-MVN; B-MVN, balanced ? 600 600 600 599
W-SK; B-MVN, balanced 600 600 600 600
W-MVN; B-SK, balanced 600 600 600 599
W-SK; B-SK, balanced 600 600 600 600
W-MVN; B-MVN, unbalanced 600 600 597 592

2 The data in this row were used for all of the misspecified model comparisons. Convergence patterns for misspecified models were identical
to those reported here. There was a single dataset which caused problems for all model specifications.
Note: All Goldstein-MI1V converged and MUML-MIIV is non-iterative, so convergence is never a problem.
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Table 3. RMSE across CN/CS condition, for the true model specification. Clusters are balanced and all data are multivariate normal.

CN =100; CS =100 CN =100; CS=30 CN =30; CS =100 CN=30; CS=30

Gold- MUML- Gold- MUML- Gold- MUML- Gold- MUML-

FIML MITV MITV FIML MITV MIIV FIML MITV MIIV FIML MITV MIIV

L1by Y2 0.02 0.03 0.03 0.04 0.06 0.06 0.04 0.06 0.06 0.07 0.11 0.11
L1by Y3 0.02 0.02 0.02 0.03 0.03 0.03 0.03 0.03 0.03 0.06  0.07 0.07
L1 by Y5 0.01 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.02 0.03 0.04 0.04
L2 by Y2 0.01 0.01 0.01 0.02 0.03 0.03 0.02 0.03 0.03 0.03 0.05 0.05
L2 by Y5 0.01 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.02 0.04 0.04 0.04
L2 by Y6 0.01 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.02 0.03 0.03 0.03
LB by Y2 0.09 0.09 0.10 0.10 0.11 0.11 0.19 0.19 0.20 022 0.23 0.32
LB by Y3 0.08 0.09 0.09 0.09 0.10 0.10 0.17 0.18 0.18 020 0.21 0.21
LB by Y4 011 011 0.11 0.11 0.12 0.13 020 0.20 0.21 0.26 0.26 0.27
LB by Y5 0.09 0.10 0.10 0.10 0.11 0.11 0.19 0.19 0.20 023 0.28 0.23
LB by Y6 0.10 0.11 0.11 0.11 0.12 0.12 0.19 0.20 0.22 024 0.25 0.24
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Table 4. Empirical SD of estimates vs (Mean SE) across each CN/CS for the true model specification. All data are multivariate normal and clusters
are balanced.

CN = 100; CS = 100 CN = 100; CS = 30 CN = 30; CS = 100 CN =30; CS =30

Gold- MUML- Gold- MUML- Gold- MUML- Gold- MUML-

FIML . viv My FIML - viv M FIML Vv My FIML viv - M

Lipyys 002 003 0.03 003 0.6 0.06 0.04 0.6 0.06 007 0.1 0.11
y (0.02) (0.02)  (0.03) (0.04) (0.04)  (0.06) (0.04) (0.04)  (0.05) (0.06) (0.07)  (0.10)
Lipyys 002 002 0.02 003 003 0.03 003 0.03 0.03 006  0.07 0.06
y (0.02) (0.01)  (0.02) (0.03) (0.02)  (0.03) (0.03) (0.02)  (0.03) (0.06) (0.04)  (0.06)
Lipyys 001 001 0.01 002 002 0.02 002 0.02 0.02 003  0.04 0.04
y (0.01) (0.01)  (0.01) (0.02) (0.01)  (0.02) (0.02) (0.01)  (0.02) (0.03) (0.03)  (0.04)
Lopyys 001 001 0.01 002 003 0.03 002 003 0.03 003  0.05 0.05
y (0.01) (0.01)  (0.01) (0.01) (0.02)  (0.03) (0.01) (0.02)  (0.03) (0.03) (0.04)  (0.05)
Lopyys 001 001 0.01 002 002 0.02 002 0.02 0.02 004  0.04 0.04
y (0.01) (0.01)  (0.01) (0.02) (0.02)  (0.02) (0.02) (0.02)  (0.02) (0.04) (0.03)  (0.04)
Lopyyg 001 001 0.01 002 002 0.02 002 0.02 0.02 003 003 0.03
y (0.01) (0.01)  (0.01) (0.02) (0.01)  (0.02) (0.02) (0.01)  (0.02) (0.03) (0.02)  (0.03)
LBpyys 009 009 0.10 010 0.11 0.11 019 0.9 0.19 021 023 0.31
y (0.09) (0.09)  (0.09) (0.10) (0.09)  (0.09) 0.17) (0.17)  (0.17) (0.20) (0.17)  (0.18)
LBpyys 008 009 0.09 009 0.0 0.10 017 0.8 0.18 020 021 0.21
y (0.08) (0.09)  (0.09) (0.09) (0.09)  (0.09) (0.16) (0.16)  (0.16) (0.18) (0.16)  (0.16)
LBpyys 01l 011 0.11 011 0.2 0.13 020 020 0.21 026 026 0.27
y (0.10) (0.10)  (0.10) (0.12) (0.10)  (0.10) (0.18) (0.18)  (0.18) (0.24) (0.18)  (0.18)
LBpyys 009 010 0.10 010 0.1 0.11 019 0.9 0.20 022 028 0.23
y (0.09) (0.09)  (0.09) (0.10) (0.09)  (0.09) 0.17) (0.17)  (0.17) (0.21) (0.19)  (0.18)
Bhyys 010 01l 0.11 011 0.2 0.12 019 020 0.22 024 025 0.24

(0.10) (0.10)  (0.10) (0.11) (0.10)  (0.10) (0.19) (0.18)  (0.18) (0.23) (0.19)  (0.19)
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Table 5. RMSE across CN/CS condition, for misspecification #1 (missing L1 by Y5 factor loading). Clusters are balanced and all data
are multivariate normal.

CN =100; CS =100 CN =100; CS =30 CN =30; CS =100 CN=30;CS=30

Gold- MUML- Gold- MUML- Gold- MUML- Gold- MUML-

FIML viv vy VIV VITY FIML v vy FIML v vy

L1 by Y2 0.06 0.03 0.03 0.08 0.06 0.06 0.08 0.06 0.06 013 0.11 0.11

L1 by Y3 0.03 0.02 0.02 0.06 0.03 0.03 0.06 0.03 0.03 0.11  0.07 0.07
L1 by Y5

L2 by Y2 0.02 0.01 0.01 0.03 0.03 0.03 0.03 0.03 0.03 0.04 0.05 0.05

L2 by Y5 0.12 0.08 0.09 0.12 0.08 0.09 0.12 0.08 0.09 0.13 0.08 0.09

L2 by Y6 0.02 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.02 0.03 0.03 0.03

LB by Y2 0.09 0.10 0.10 010 0.11 0.11 0.19 0.20 0.19 022 0.23 0.22

LB by Y3 0.08 0.09 0.09 0.09 0.0 0.10 0.17 0.8 0.18 020 0.21 0.24

LB by Y4 011 011 0.11 0.11 0.3 0.13 0.20 0.20 0.20 0.27  0.30 0.27

LB by Y5 0.09 0.10 0.10 010 0.11 0.11 019 0.20 0.20 023 0.22 0.28

LB by Y6 010 011 0.11 011 0.2 0.12 019 0.20 0.21 025 0.26 0.25
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Table 6. Empirical SD of estimates vs (Mean SE) across each CN/CS for misspecification #1 (Missing L1 by Y5 factor loading). All
data are multivariate normal and clusters are balanced.

CN =100; CS =100 CN =100; CS =30 CN =30; CS =100 CN=30;CS=30

Gold- MUML- Gold- MUML- Gold- MUML- Gold- MUML-
FIML MIIV MIIV FIML MIIV MIIV FIML MIIV MIIV FIML MIIV MIIV
L1 by V2 0.04 0.03 0.03 0.06 0.06 0.06 0.06 0.06 0.06 013 011 0.11
y (0.04) (0.02) (0.03) (0.07) (0.04) (0.06) (0.06) (0.04) (0.05) (0.12) (0.07) (0.10)
L1 by Y3 0.03 0.02 0.02 0.06 0.03 0.03 0.06 0.03 0.03 011  0.07 0.06
y (0.03) (0.01) (0.02) (0.06) (0.02) (0.03) (0.06) (0.02) (0.03) (0.11) (0.04) (0.06)

L1 by Y5
L2 by V2 0.01 0.01 0.01 0.02 0.03 0.03 0.02 0.03 0.03 0.03  0.05 0.05
y (0.01) (0.01) (0.01) (0.02) (0.02) (0.03) (0.02) (0.02) (0.03) (0.03) (0.04) (0.05)
L2 by Y5 0.01 0.01 0.01 0.03 0.02 0.02 0.03 0.02 0.02 0.05 0.04 0.04
y (0.01) (0.01) (0.01) (0.03) (0.02) (0.02) (0.03) (0.02) (0.02) (0.05) (0.03) (0.04)
L2 by Y6 0.01 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.02 0.03 0.03 0.03
y (0.01) (0.01) (0.01) (0.02) (0.01) (0.02) (0.02) (0.01) (0.02) (0.03) (0.02) (0.03)
LB by Y2 0.09 0.09 0.09 0.10 0.10 0.11 019 0.20 0.19 022 0.23 0.22
y (0.09) (0.09) (0.09) (0.10) (0.09) (0.09) (0.17) (0.17) (0.17) (0.20) (0.18) (0.17)
LB by Y3 0.08 0.09 0.09 0.09 0.10 0.10 017 0.17 0.18 020 0.21 0.24
y (0.08) (0.09) (0.09) (0.09) (0.09) (0.09) (0.16) (0.16) (0.16) (0.19) (0.16) (0.17)
LB by Y4 011 011 0.11 011 0.13 0.13 020 0.20 0.20 0.26 0.30 0.27
y (0.10) (0.10) (0.10) (0.12) (0.10) (0.10) (0.18) (0.18) (0.18) (0.24) (0.20) (0.18)
LB by Y5 0.09 0.10 0.10 010 0.11 0.11 019 0.20 0.20 023 0.22 0.28
y (0.09) (0.09) (0.09) (0.10) (0.09) (0.09) (0.17) (0.17) (0.17) (0.21) (0.18) (0.19)
LB by Y6 010 0.11 0.11 0.11 0.2 0.12 019 0.20 0.21 0.24  0.26 0.25
y (0.10) (0.10) (0.10) (0.11) (0.10) (0.10) (0.19) (0.18) (0.18) (0.23) (0.19) (0.19)
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Table 7. RMSE across CN/CS condition, for misspecification #2 (missing L2 by Y2 factor loading). Clusters are balanced and all data
are multivariate normal.

CN =100; CS = 100 CN =100; CS = 30 CN = 30; CS = 100 CN = 30; CS = 30

Gold- MUML- Gold- MUML- Gold- MUML- Gold- MUML-

AIML vy v PME oy vy FIME vy vy FIME vy vy

LlbyY2 042 0.29 0.35 043 0.29 0.36 043  0.29 0.35 045  0.30 0.36

LlbyY3 022 0.02 0.02 023 003 0.03 023 0.03 0.03 025 0.07 0.07

LlbyY5 003 0.01 0.01 0.03  0.02 0.02 0.03 0.2 0.02 0.05 0.04 0.04
L2 by Y2

L2byY5 005 0.1 0.01 0.05 0.02 0.02 0.05 0.02 0.02 0.06 0.04 0.04

L2byY6 001 0.1 0.01 0.02 0.2 0.02 002 0.02 0.02 0.03 003 0.03

LBbyY2 009 0.0 0.10 011 0.1 0.11 019 0.20 0.19 023 028 0.28

LBbyY3 008 0.09 0.09 0.09 0.0 0.10 017 0.8 0.18 020 021 0.23

LBbyY4 011 0.11 0.11 012 0.2 0.12 020 021 0.21 028 0.26 0.30

LB by Y5 0.09 0.10 0.10 0.10 0.11 0.11 0.19 0.20 0.20 023 0.23 0.23
LB by Y6 0.10 0.11 0.11 011 0.12 0.13 019 0.21 0.21 0.26 0.24 0.25




€S

Table 8. Empirical SD of estimates vs (Mean SE) across each CN/CS for misspecification #2 (missing L2 by Y2 factor loading). All
data are multivariate normal and clusters are balanced.

CN = 100; CS = 100 CN = 100; CS = 30 CN =30; CS = 100 CN =30; CS =30
Gold- MUML- Gold- MUML- Gold- MUML- Gold- MUML-
FIML vy v PME vy vy PME vy vy FIME vy
Lipyyy 004 003 0.03 0.07 0.5 0.05 0.07 0.5 0.05 013  0.09 0.09
YY2 (0.04) (002) (002 (007) (0.03) (0.05  (0.06) (0.03) (0.04)  (0.13) (0.06)  (0.08)
Lipyy3 002 002 0.02 0.04 003 0.03 0.04 0.3 0.03 0.08 0.07 0.06
YYS (002 (001) (002 (0.04) (0.02) (0.03)  (0.04) (0.02) (0.03)  (0.08) (0.04)  (0.06)
Lipyys 001 o001 0.01 002 0.02 0.02 0.02 0.02 0.02 0.04 0.04 0.04
YY9 001 (001) (001 (0.02) (0.01) (0.02) (0.02) (0.01) (0.02)  (0.04) (0.03)  (0.04)
L2 by Y2
Lopyys 001 001 0.01 002 0.02 0.02 0.02 0.02 0.02 0.04 0.04 0.04
YY9 001 (001) (001 (0.02) (0.02) (0.02) (0.02) (0.02) (0.02)  (0.04) (0.03)  (0.04)
Lopyyg 001 001 0.01 002 0.02 0.02 002 0.02 0.02 0.03 0.03 0.03
YY® (001) (0.01) (001) (0.02) (0.01) (0.02) (0.02) (0.01) (0.02)  (0.03) (0.02)  (0.03)
LBpyyy 009 0.0 0.10 010 0.11 0.11 019 0.0 0.19 023 0.28 0.28
YY< 009) (009) (009  (0.10) (0.09) (0.09)  (0.17) (0.17) (0.17)  (0.21) (0.18)  (0.18)
LBpyys 008 009 0.09 0.09 0.10 0.10 0.17 0.18 0.18 020 021 0.23
YYS (008 (009 (009 (009 (0.09) (0.09)  (0.16) (0.16) (0.16)  (0.18) (0.16)  (0.17)
LBpyys4 011 011 0.11 011 0.12 0.12 020 021 0.21 027 0.26 0.30
YY* (0.10) (0100 (010) (0.12) (0.10) (0.10)  (0.19) (0.18) (0.18)  (0.25) (0.18)  (0.20)
LBpyys 009 010 0.10 010 0.11 0.11 0.19 0.20 0.20 023 0.23 0.23
YY2 (0.09) (009) (009  (0.10) (0.09)  (0.09)  (0.17) (0.17) (0.17)  (0.21) (0.18)  (0.17)
LBpyyve 010 011 0.11 011 0.12 0.13 019 021 0.21 025 024 0.25
YY® (010) (0100 (010) (0.12) (0.10) (0.10)  (0.19) (0.18) (0.19)  (0.24 (0.19)  (0.19)
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Table 9. RMSE across CN/CS condition, for misspecification #3 (missing Y2 and Y3 correlated residual). Clusters are balanced and
all data are multivariate normal.

CN = 100; CS = 100 CN = 100; CS = 30 CN = 30; CS = 100 CN = 30; CS = 30
Gold- MUML- Gold- MUML- Gold- MUML- Gold- MUML-
ML vy vy FIME iy vy FME vy vy FIME iy vy

L1 by Y2 021 0.21 0.21 021 0.21 0.21 021 0.21 0.21 021 0.22 0.22
L1by Y3 0.18 0.17 0.17 0.18 0.17 0.17 0.18 0.17 0.17 019 0.17 0.17
L1 by Y5 0.02 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.02 0.04 0.04 0.04
L2 by Y2 0.02 0.08 0.08 0.03 0.08 0.08 0.03 0.08 0.08 0.03 0.08 0.08
L2 by Y5 0.01 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.02 0.04 0.04 0.04
L2 by Y6 0.01 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.02 0.03 0.03 0.03
LB by Y2 0.09 0.0 0.10 0.10 0.11 0.11 0.19 0.19 0.20 021 0.27 0.31
LB by Y3 0.08 0.09 0.09 0.09 0.10 0.10 0.17 0.18 0.18 020 0.22 0.22
LB by Y4 0.11 0.2 0.12 0.11 0.3 0.12 020 0.20 0.20 0.26 0.27 0.26
LB by Y5 0.09 0.10 0.10 0.10 011 0.11 019 0.20 0.20 022 0.23 0.28
LB by Y6 0.10 0.11 0.11 0.11 0.12 0.13 0.19 0.20 0.20 024 0.26 0.25
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Table 10. Empirical SD of estimates vs (Mean SE) across each CN/CS for misspecification #3 (missing Y2 and Y3 correlated
residual). All data are multivariate normal and clusters are balanced.

CN =100; CS = 100 CN = 100; CS = 30 CN = 30; CS = 100 CN =30; CS = 30

Gold- MUML- Gold- MUML- Gold- MUML- Gold- MUML-

FIML vy v P™ME av vy ™ME vy vy FIME iy M

Libyyv2z 001 001 0.01 002 0.2 0.02 0.02 0.2 0.02 0.04 0.5 0.05
(0.01) (0.01) (0.01)  (0.02) (0.02) (0.02)  (0.02) (0.02) (0.02)  (0.04) (0.03)  (0.04)

Libyys 001 001 0.01 002 0.2 0.02 002 0.02 0.02 0.04 0.04 0.04
(0.01) (0.01) (0.01)  (0.02) (0.01) (0.02)  (0.02) (0.01) (0.02)  (0.04) (0.03)  (0.04)

Libyys 001 001 0.01 002 0.2 0.02 002 0.02 0.02 0.03 0.04 0.04
(0.01) (0.01) (0.01)  (0.02) (0.01) (0.02)  (0.02) (0.01) (0.02)  (0.03) (0.03)  (0.04)

L2byy2 001 001 0.01 002 0.2 0.02 001 0.02 0.02 0.03 0.04 0.04
(0.01) (0.01) (0.01)  (0.01) (0.02) (0.02)  (0.01) (0.02) (0.02)  (0.03) (0.03)  (0.04)

L2byys 001 001 0.01 002 0.2 0.02 002 0.02 0.02 0.04 0.04 0.04
(0.01) (0.01) (0.01)  (0.02) (0.02) (0.02)  (0.02) (0.02) (0.02)  (0.04) (0.03)  (0.04)

L2byye 001 001 0.01 002 0.02 0.02 002 0.02 0.02 0.03 0.03 0.03
(0.01) (0.01) (0.01)  (0.02) (0.01) (0.02)  (0.02) (0.01) (0.02)  (0.03) (0.02)  (0.03)
LBbyy2 009 0.0 0.09 010 0.11 0.11 019 0.19 0.20 021 027 0.31
(0.09) (0.09) (0.09)  (0.10) (0.09) (0.09)  (0.17) (0.17) (0.17)  (0.20) (0.18)  (0.18)
LBbyy3 008 0.09 0.09 0.09 0.10 0.10 017 0.8 0.18 020 022 0.22
(0.08) (0.09) (0.09)  (0.09) (0.09) (0.09)  (0.16) (0.16) (0.16)  (0.18) (0.16)  (0.16)
LBbyys 010 012 0.12 011 0.3 0.12 020 0.20 0.20 026 027 0.26

(0.10) (0.10) (0.10)  (0.12) (0.10) (0.10)  (0.18) (0.18)  (0.18)  (0.24) (0.19)  (0.19)

LBbyys 009 0.0 0.10 010 0.11 0.11 019 0.20 0.19 022 023 0.28
(0.09) (0.09) (0.09)  (0.10) (0.09)  (0.09)  (0.17) (0.17) (0.17)  (0.21) (0.18)  (0.19)

LBbyve 010 0.1 0.11 011 0.2 0.13 019 0.20 0.20 024 0.26 0.25
(0.10) (0.10) (0.10)  (0.11) (0.10) (0.10)  (0.19) (0.18)  (0.18)  (0.23) (0.19)  (0.19)
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Table 11. RMSE across various combinations of Skew/Kurtosis. Within groups multivariate normal (W-MVN) vs. within skew=2
kurtosis=8 (W-SK) crossed with between groups multivariate normal (B-MVN) vs. between skew=2 kurtosis=8 (B-SK). Other fixed
factors are balanced clusters, true model specification, CN=100; CS=30. Trends are representative of findings at other CN/CS.

W-MVN; B-MVN? W-SK; B-MVN W-MVN; B-SK W-SK; B-SK

Gold- MUML- Gold- MUML- Gold- MUML- Gold- MUML-

ML vy vy FME vy vy MR vy v PIME vy iy
LibyY2 004 006 006 005 007 007 004 005 005 005 007  0.07

L1byY3 0.03 0.03 0.03 0.04 0.04 0.04 0.03 0.03 0.03 0.04 0.04 0.04
L1byY5 0.02 0.02 0.02 0.02 0.03 0.03 0.02 0.02 0.02 0.02 0.03 0.03
L2byY2 0.02 0.03 0.03 0.02 0.03 0.03 0.02 0.03 0.03 0.02 0.03 0.03
L2byY5 0.02 0.02 0.02 0.03 0.03 0.03 0.02 0.02 0.02 0.03 0.03 0.03
L2byY6 0.02 0.02 0.02 0.03 0.03 0.03 0.02 0.02 0.02 0.03 0.03 0.03
LBbyY2 010 0.11 0.11 0.10 0.11 0.10 0.15 0.15 0.15 0.16 0.17 0.17
LBbyY3 0.09 0.10 0.10 0.10 0.11 0.10 0.15 0.15 0.16 0.15 0.5 0.15
LBbyY4 011 0.12 0.13 0.12 0.13 0.13 0.18 0.19 0.18 0.18 0.18 0.18
LBbyY5 010 0.11 0.11 011 0.11 0.12 0.16 0.17 0.17 0.16 0.17 0.17
LBbyY6 011 0.12 0.12 0.12 0.12 0.13 0.18 0.18 0.18 0.17 0.18 0.18

The W-MVN; B-MVN condition presented here is the same as the RMSE presented in the True model CN=100; CS=30
condition.
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Table 12. Empirical SD of estimates vs (Mean SE) across skew/kurtosis conditions. CN=100, CS=30. All clusters are balanced and fit
with fit with true model specification.

W-MVN: B-MVN W-SK; B-MVN W-MVN; B-SK W-SK; B-SK

Gold- MUML- Gold- MUML- Gold- MUML- Gold- MUML-

ML v vy PME vy v FME vy vy PIME v iy

Libyys 003 006 0.06 0.05 007 0.07 0.03 0.5 0.05 005 007 0.07
y (0.04) (0.04)  (0.06) (0.05)  (0.04) (0.05) (0.04) (0.04) (0.05) (0.05) (0.04)  (0.06)
L1byys 003 003 0.03 0.04  0.04 0.04 0.03 0.3 0.03 004 004  0.04
YY3 003) (0.02) (003  (0.04) (0.02)  (0.03)  (0.03) (0.02)  (0.03)  (0.04) (0.02)  (0.03)
L1byys 002 002 0.02 0.02 003 0.03 002 002 0.02 002 003 0.03
YYS 002 (0.01) (002  (002) (001)  (002)  (0.02) (0.01)  (0.02)  (0.02) (0.01)  (0.02)
Lobyys 002 003 0.03 0.02 003 0.03 0.02  0.03 0.03 002 003 0.03
YY2 001 (0.02) (003  (002) (0.02)  (0.03)  (0.01) (0.02)  (0.03)  (0.02) (0.02)  (0.03)
Lobyys 002 002 0.02 0.03  0.03 0.03 002 0.02 0.02 003 003 0.03
YYS 002) (0.02) (002  (0.03) (0.02)  (0.02)  (0.02) (0.02)  (0.02)  (0.03) (0.02)  (0.02)
Lobyyg 002 002 0.02 0.03 0.3 0.03 0.02  0.02 0.02 0.03  0.03 0.03
YY® 002 (0.01) (002  (003) (001)  (002)  (0.02) (0.01)  (0.02)  (0.03) (0.01)  (0.02)
lgpyys 010 011 0.11 010 0.1 0.10 015 0.5 0.15 016 0.17 0.16
y (0.10) (0.09)  (0.09) (0.10)  (0.09) (0.09) (0.14) (0.09)  (0.09)  (0.14) (0.09)  (0.09)
LB by Y3 0.09 0.10 0.10 0.10 0.11 0.10 0.15 0.15 0.16 0.15 0.15 0.15
y (0.09) (0.09) (0.09) (0.09) (0.09) (0.09) (0.13)  (0.09) (0.09) (0.13) (0.09) (0.09)
LB by Y4 0.11 0.12 0.13 0.12 0.13 0.13 0.18 0.19 0.18 0.17 0.18 0.18
y (0.12) (0.10) (0.10) (0.12)  (0.10) (0.10) (0.16) (0.10) (0.10) (0.16) (0.10) (0.10)
LB bv Y5 0.10 0.11 0.11 0.11 0.11 0.11 0.16 0.17 0.17 0.16 0.17 0.17
Y¥S (010) (0.09) (0.09)  (0.10) (0.09)  (0.09)  (0.15) (0.09)  (0.09)  (0.14) (0.09)  (0.09)
LB bv Y6 0.11 0.12 0.12 0.12 0.12 0.13 0.18 0.18 0.18 0.17 0.18 0.18
YY® 011) (0100 (0100  (011) (0.10) (0100  (0.16) (0.10)  (0.10)  (0.15) (0.10)  (0.10)
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Table 13. RMSE across CN/CS condition with unbalanced clusters. All data are multivariate normal and fit with true model
specification.

CN =100; CS =100 CN =100; CS=30 CN =30; CS =100 CN=30; CS=30

Gold- MUML- Gold- MUML- Gold- MUML- Gold- MUML-

FIML MIIV MITV FIML MIIV MIIV FIML MIIV MITV FIML MIIV MITV

L1 by Y2 0.02 0.03 0.03 0.04 0.06 0.06 0.04 0.06 0.06 0.07 0.10 0.10
L1by Y3 0.02 0.02 0.02 0.03 0.04 0.04 0.03 0.04 0.04 0.06 0.06 0.06
L1 by Y5 0.01 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.02 0.03 0.04 0.04
L2 by Y2 0.01 0.01 0.01 0.01 0.03 0.03 0.02 0.03 0.03 0.03 0.05 0.05
L2 by Y5 0.01 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.02 0.04 0.04 0.04
L2 by Y6 0.01 0.01 0.01 0.02 0.02 0.02 0.02 0.02 0.02 0.03 0.03 0.03
LB by Y2 0.09 0.10 0.10 010 0.11 0.12 0.18 0.19 0.19 055 0.22 0.23
LB by Y3 0.08 0.09 0.09 0.09 0.10 0.11 0.18 0.19 0.18 065 0.21 0.24
LB by Y4 0.10 0.11 0.11 012 0.13 0.14 020 0.21 0.21 0.63 0.30 0.29

LB by Y5 0.10 0.10 0.10 0.10 0.11 0.11 0.18 0.18 0.19 046 0.24 0.25
LB by Y6 0.10 0.11 0.11 011 0.13 0.13 019 0.21 0.21 040 0.37 0.26
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Table 14. Empirical SD of estimates vs (Mean SE) across each CN/CS for unbalanced clusters. All data are multivariate normal and fit
with the true model specification.

CN = 100; CS = 100 CN = 100; CS = 30 CN = 30; CS = 100 CN = 30; CS = 30
Gold- MUML- Gold- MUML- Gold- MUML- Gold- MUML-
ML vy vy PME vy oy TME iy vy FIME vy vy

0.02 0.03 0.03 0.04 0.05 0.06 0.04 0.06 0.06 0.07 0.10 0.10

LIBYY2 002) (002) (0.03)  (0.04) (0.04) (0.05) (0.04) (0.04) (0.05  (0.06) (0.07)  (0.10)
ipyys 002 002 002 003 004 004 003 004 003 006 006 006
YY3 002 (001) (002 (003 (002) (0.03) (0.03) (0.02) (0.03)  (0.06) (0.04)  (0.06)
ipyys 001 00 001 002 002 002 002 002 002 003 003 003
YYS 001) (001) (001) (0.02) (001) (0.02)  (0.02) (0.01) (0.02)  (0.03) (0.03)  (0.04)
opyy, 001 00 001 001 002 002 001 002 003 003 005 005
YY2 ©01) (001) (001) (0.01) (002) (0.03)  (0.01) (0.02) (0.03)  (0.03) (0.04)  (0.05)
Lopyys 001 001 001 002 002 002 002 002 002 004 004 004
YYS 001) (001) (001) (0.02) (002) (0.02)  (0.02) (0.02) (0.02)  (0.04) (0.03)  (0.04)
opyye 001 00 001 002 002 002 002 002 002 003 003 003
YY6 001) (001) (0.01) (002 (001) (002) (0.02) (0.01) (0.02)  (0.03) (0.02)  (0.03)
Bbyy, 009 010 010 010 01l 012 018 019 019 055 022 023
YY2 009) (009 (0.09) (0.10) (0.09) (0.09)  (0.47) (017) (017)  (033) (0.47)  (0.17)
Bpyys OO 009 009 009 010 01l 018 019 018 064 021 024
YY3 008) (009 (0.09) (0.10) (0.09) (0.09)  (0.16) (0.16) (0.16)  (0.35) (0.16)  (0.16)
Bpyys 010 011 011 012 013 014 020 020 021 063 030 029
YY4 010) (010) (010) (012) (010) (0.40)  (0.19) (0.18) (0.18)  (0.40) (0.18)  (0.20)
Bpyys 009 010 010 010 011 01l 018 018 018 046 024 025
YYS 009) (009) (0.09) (011) (009) (0.09)  (0.48) (017) (017)  (031) (047)  (0.17)
lBbyyve 010 01l 01l 0l 013 013 019 021 02l 040 037 025

(0.10) (0.10) (0.10)  (0.12) (0.10) (0.10)  (0.18) (0.18)  (0.18)  (0.32) (0.20)  (0.18)




APPENDIX B: FIGURES

Between

Within v, Y, ¥, |V;| ¥s

Figure 1. Population model data generating model. True model contains all solid
dashed and dotted lines. Misspecification #1 omits the path between Ly, and Y5.
Misspecification #2 omits the path between L, and Y2. Misspecification #3 omits
the correlated residual between Y2 and Y3.

60



19

CN =100; CS =100 CN =100; CS =30 CN =30; CS =100 CN=30;CS =230

L !,. ' . o: .l; % 8,
.

o Bl B CHd
J oldstein- ® s : s
MUML-MIIV o e . Pl f .i!
o'l L} {5 ] .
' H L
tH .
. -.' oo
®
L]
"’ (] il
©
m
o
=
E l
i)
o
= -
@
o
D
n- L] .
H

70

-90 4

I R\ T\ A\ B N S (- B S\ B\ B T B FR = T B A (- T\ = U T\ B A - B S (- L\ -} I\ T\ T F = B\ I S - B S\ -}
S T N N S S Y
AR P S LR L S S R L S V) QN 00 00 00 00 OB N0 00 N0 0 0 A A LIPS LR S VL L LI CL I SRR R TR S LR S LR VL L S L L L)
Factor Loadings

Figure 2. Relative bias boxplots for each factor loading in the True Model condition. Black line represents median relative bias. Black
dot represents mean relative bias. Colors separate different estimators and each cell is a different combination of CN and CS. All
clusters are balanced and multivariate normal.
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Figure 3. Relative bias boxplots for variance/covariance parameters in the True Model condition. Black line represents median
relative bias. Black dot represents mean relative bias. Colors separate different estimators and each cell is a different combination of
CN and CS. All clusters are balanced and multivariate normal.
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Figure 4. Relative bias boxplots for each factor loading in the Misspecified # 1 condition (missing the L1 by Y5 factor loading). Black
line represents median relative bias. Black dot represents mean relative bias. Colors separate different estimators and each cell is a
different combination of CN and CS. All clusters are balanced and multivariate normal.
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Figure 5. Relative bias boxplots for each factor loading in the Misspecified # 2 condition (missing the L2 by Y2 factor loading). Black
line represents median relative bias. Black dot represents mean relative bias. Colors separate different estimators and each cell is a
different combination of CN and CS. Al clusters are balanced and multivariate normal.
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Figure 6. Relative bias boxplots for each factor loading in the Misspecified # 3 condition (missing the correlated residual between Y2
and Y3). Black line represents median relative bias. Black dot represents mean relative bias. Colors separate different estimators and
each cell is a different combination of CN and CS. All clusters are balanced and multivariate normal.
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Figure 7. Relative bias boxplots for each factor loading across the Skew/Kurtosis conditions. CN=100 and CS=30, while trends here
generalized to other CN/CS conditions. Black line represents median relative bias. Black dot represents mean relative bias. Colors
separate different estimators and each cell is a different combination skew/kurtosis condition. All clusters are balanced and data are fit
with the true model specification.
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bias. Black dot represents mean relative bias. Colors separate different estimators and each cell is a different combination of CN and
CS. All data are multivariate normal and fit with the true model specification.
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Figure 9. Sargan’s test rejection rates for each factor loading in the True Model condition. Colors separate different estimators and
each cell is a different combination of CN and CS. All clusters are balanced and multivariate normal.
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Figure 10. Sargan’s Test Rejection Rates for each factor loading in the Misspecified # 1 condition (missing the L1 by Y5 factor
loading). Colors separate different estimators and each cell is a different combination of CN and CS. All clusters are balanced and
multivariate normal.




0.

CN =100; CS = 100 CN=100; CS =30 CN =30; CS =100 CN=30;CS =30

0.9 1

0.8 1

074 ® Goldstein-MIIV

® MUML-MIIV

0.6

0.54

0.4

0.3

Sargan's Alpha/Proportion reject null

0.24 ° e

0.1 N
L e _g-g--t_#__9_ %00 T bee-g--® @ |l ___® s e __ " 0 ___ Al ___® ea_s o _____

0.0 1

RG] 4‘3 _{’J 1© 4 4> 4k (’J 1© K] _\‘O _(o 0 0 1O 4k A@ 1© K] _f’J _\"J R\ - _fb 1© R _f’) _\VJ © 0 O o> _f’) 1L
G AT A A B B I I B R B SR LI S B S R I B S I B I S B R B B I S A S R B DR B DR
RN SNV AN ZES 2RV 2EN DR R MR 2NV 2N 2NN N 2N AN N NV AN S 2R N N BN NN N AN N NN Y

N N N N N N
Factor Loadings

Figure 11. Sargan’s Test Rejection Rates for each factor loading in the Misspecified # 2 condition (missing the L2 by Y2 factor
loading). Colors separate different estimators and each cell is a different combination of CN and CS. All clusters are balanced and
multivariate normal.
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Figure 12. Sargan’s Test Rejection Rates for each factor loading in the Misspecified # 3 condition (missing the correlated residual
between Y2 and Y3). Colors separate different estimators and each cell is a different combination of CN and CS. All clusters are
balanced and multivariate normal.
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Figure 13. Sargan’s Test Rejection Rates for each factor loading across the Skew/Kurtosis conditions. CN=100 and CS=30, while
trends here generalized to other CN/CS conditions. Colors separate different estimators and each cell is a different combination
skew/kurtosis condition. All clusters are balanced and data are fit with the true model specification.
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Figure 14. Sargan’s Test Rejection Rates for each factor loading in the unbalanced clusters condition. Colors separate different
estimators and each cell is a different combination of CN and CS. All data are multivariate normal and fit with the true model

specification.
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