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Abstract

Structural equation modeling (SEM) provides an extensive toolbox to analyze the multivariate
interrelations of directly observed variables and latent constructs. Multilevel SEM integrates
mixed effects to examine the covariances between observed and latent variables across many
levels of analysis. However, while it is necessary to consider model fit, traditional indices are
largely insufficient to analyze model fit at each level of analysis. The present paper reviews i) the
partially-saturated model fit approach first suggested by Ryu and West (2009) and ii) an alternative
model parameterization that removes the multilevel data structure. We next describe the
implementation of an algorithm to compute partially-saturated model fit for 2-level structural
equation models in the open source SEM package, OpenMx;, including verification in a simulation
study. Finally, an example empirical application evaluates leading theories on the structure of
affect from ecological momentary assessment data collected thrice daily for two weeks from 345
participants.
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Since the 1970’s, structural equation modeling (SEM) has become a highly popular data
analytic approach (e.g., Hoyle, 2012). SEM facilitates integrating sets of specified
covariances and regressions among specified variables into a single, cohesive model.
However, research studies in many social science and medical fields (e.g., psychology,
sociology, education, medicine) frequently examine processes of interest at multiple levels
of analysis (Curran & Bauer, 2011; Molenaar, 2004). For example, one may use a cross-
sectional design to test an interindividual (i.e., between-person) and intraindividual (i.e.,
within-person) theory that financial distress influences the development of psychopathology.
At best, the cross-sectional design will clarify the interindividual structure (i.e., whether
persons with psychopathology report higher rates of financial distress), though this does not
fully test the theory. Additionally, standard SEM assumes independence of observations,
which is violated if one collects data that inherently are not (e.g., due to nesting observations
within person or persons within-group). This non-independence is called dependence here.
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Multilevel, mixed effects models and multilevel SEM (MSEM) adjust for such statistical
dependence and disaggregate variance into that accounted for by each level of analysis
(Raudenbush & Bryk, 2002). Therefore, MSEM allows users to specify distinct models at
each level of analysis to better distinguish results by the level of analysis.

Broadly, SEM represents a multivariate extension of the general linear model that accounts
for means, variances, and covariances amongst a set of variables. For example, whereas
multiple regression is limited to a single dependent variable, SEM facilitates estimating
multivariate multiple regression models, which can include multiple dependent and
independent variables. Furthermore, within the SEM framework, one can specify covariance
among multiple measures (e.g., questionnaire items) as the resulting from one or more latent
(i.e., not measured) factors and residual, item-specific variance (Bentler, 1980).

In practice, users specify parameters to be estimated in order to quantify correlation and
regression relationships amongst variables. These relationships are used to generate a
predicted variance-covariance matrix (called a covariance matrix here for brevity) and,
optionally, a vector of means for the observed data. Numerical optimization is then used to
vary the parameter estimates so that the predicted covariance matrix best matches the
observed data. Because all models for real data are wrong (Box, 1976), users inevitably err
in specifying a model. For example, a residual covariance between items may be omitted.
The resulting predicted covariance matrix is expected to depart from the observed data,
which contributes to model misfit (Fan & Wang, 1998). Therefore, a necessary component
of SEM analysis is the calculation of model fit (i.e., the degree of misfit between the
hypothesized and observed covariance matrices). One statistic used to assess model fit is
twice the difference in log-likelihood between the hypothesized model and that of a
‘saturated’” model, in which all observed variances and covariances are estimated with
separate free parameters (Steiger, Shapiro, & Browne, 1985). The difference in fit between
these two models may be written as 7p; = Fpy (6) — Fau (Bs), Where Fy(O) represents the
minus twice log-likelihood fit of the hypothesized model and Fy_(6s) represents the -2 log-
likelihood of the saturated model. Under certain regularity conditions including multivariate
normality, appropriate model specification, and a sufficiently large sample size, the
difference in fit between the hypothesized and saturated models (i.e., 7;4;) is distributed
following the XZ distribution (Steiger et al., 1985). Additional indices of model fit adjust for
sample size (e.g., RMSEA,; Chen, Curran, Bollen, Kirby, & Paxton, 2008) or number of
estimated parameters (e.g., AIC; Akaike, 1987). These indices, specifically the multivariate
extensions of them, are detailed further below.

Maximum-likelihood estimation of SEM typically requires the assumption that observations
are independent and identically distributed. However, when data are collected in a nested
structure (e.g., multiple occasions within a person or multiple children within a classroom),
this assumption of independence is violated. In such cases, data are said to be non-
independent (Kenny, Kashy, & Cook, 2006). As Kenny and colleagues review, such
statistical dependence of the observations does not systematically bias parameter estimates,
but will typically underestimate the parameters’ standard errors.
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Multilevel extensions of the general linear model (e.g., Goldstein & McDonald, 1988) have
been extended to multilevel structural equation modeling (e.g., MSEM; Kim, Dedrick, Cao,
& Ferron, 2016; Lee, 1990; Mehta & Neale, 2005; Muthén, 1994; Muthén & Satorra, 1995).
Specifically, MSEM and multilevel regression note that £(y) = &) + E(Vjy), where the
expected value of ygiven group jand person 7is the sum of the expected value for group
and the expected value for person /7 conditional on group /. The variance in each variable
(i.e., Uyj) can be decomposed into variance between groups (i.e., 1)) and pooled
variance within each group (i.e., (yj)) (Raudenbush & Bryk, 2002).

MSEM relies on extending the multilevel framework to note that the covariance between
two measures can be similarly decomposed, which can be expressed in matrix termsas T =
B + W, where the total covariance matrix T is the sum of a between-group matrix B and a
within-group matrix W (e.g., Mehta & Neale, 2005). In this framework, the within-group
matrix (i.e., the lowest order of nesting) is termed level 1 while the between-group matrix is
termed level 2. This notation is extended to n-levels of nesting (e.g., students who are nested
within classroom within a school) by notating higher level clustering with higher integers
(e.g., levels 1, 2, and 3). This notation will be used below to encourage generalizability to n-
level analyses. Hence, MSEM can integrate variables assessed at multiple levels of analysis.
For example, variables assessed at the group level (i.e., with only between-group variance)
can be modeled along with between-group variance in variables assessed at more granular
levels of analysis (e.g., within each group). However, MSEM does not require that one has
assessed variables uniquely at each level of analysis. As demonstrated in the simulation
study and empirical example below, MSEM allows the user to specify the covariance
structure at each level of analysis, which includes variables assessed at the given level and
variance in variables assessed at more granular levels of analysis that is attributable to the
given level.

Maximum-Likelihood Estimation of Multilevel SEM

Maximum likelihood estimation of traditional SEM includes minimizing deviations of the
expected covariance and means matrices from observed data. In the context of clustered (i.e.,
nested or multilevel) data, the overall model log-likelihood indexes fit at both levels 1 and 2.
Specifically, this is described by equations for the —2log-likelihood aggregated over levels of
analysis, which are provided comprehensively elsewhere (Lee, 1990; Liang & Bentler,
2004).

These equations show that overall model fit aggregates all levels of analysis, which obscures
the source of any potential model misspecification. Moreover, overall model fit is more
strongly influenced by model misspecification at level 1 than level 2 (Hsu, Kwok, Lin, &
Acosta, 2015; Ryu & West, 2009; Yuan & Bentler, 2007). Ryu and West (2009) and Yuan
and Bentler (2007) propose approaches to estimate model fit at each level of an n-level

SEM. The Yuan and Bentler approach uses a two-step procedure to: 1) estimate saturated
covariance matrices for each level, and 2) use each level-specific saturated matrix to estimate
fit against fitted single-level SEM (Yuan & Bentler, 2007). Ryu and West (2009) present an
alternative approach that produced a lower Type | error rate for misfit at level 2 and lower
rate of non-convergence. In their approach, one estimates the hypothesized multilevel SEM
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along with a model in which all levels are saturated (£ /Bs,Ws/). To estimate fit at a given
level, one then specifies a model in which the given level is specified based on theory while
all other levels are saturated (e.g., Fps /B,Wg/). Analogous to model fit in the single-level
case, level-specific model fit (e.g., /4 B) is then compared as the difference in fit between
the hypothesized/partially-saturated model and a fully saturated model. This approach scales
to n-level models by estimating model fit for each level while keeping all other levels
saturated.

However, at present, level-specific indices of model fit are not commonly incorporated into
MSEM analyses. For example, in a recent review of the literature, Kim et al. (2016) report
that most prior research reported fit indices (e.g., RMSEA) for the overall model, but only
occasionally reported the standardized root mean square residual (SRMR), which may be
able to discern model fit at each level (Hsu et al., 2015). The present paper describes the
implementation of an algorithm within the open source SEM package OpenMx (Neale et al.,
2016) to compute partially-saturated model fit indices (i.e., XZ, AIC, and RMSEA). Chi-
squared and RMSEA statistics are included as indices of model fit to assess suitability of the
model. This is comparable to the SRMR statistic provided in the Mplus statistical package
(Muthén & Muthén, 1998), however RMSEA may be more robust to multivariate non-
normality (see Hu & Bentler, 1998 for review). Additionally, level-specific AIC and BIC
statistics are provided (see Supplement) to facilitate comparison of alternative specifications
for each level. While useful to evaluate overall model fit, SRMR is not suitable to compare
alternative model specifications (Hsu et al., 2015). Next, we illustrate MSEM through
comparison with an alternative specification proposed by Mehta and Neale (2005). Finally,
an empirical example of multilevel confirmatory factor analysis illustrates the use and
benefit of level-specific model fit.

Fit Indices for MSEM

A chi-squared statistic can be computed for each level based on an empirical log-likelihood
(e.g., FmLIB,W{]) derived as described above. Asymptatically, and given certain regularity
conditions (Steiger et al., 1985), the level-specific difference in log-likelihood between the
fully- and partially-saturated models is distributed as chi-squared with degrees of freedom
equal to the difference in the number of parameters between the fully- and partially-
saturated models. From this distribution, one can conduct a classical null-hypothesis test of
the probability of obtaining the observed data given the specified model.

We note that one need not have observed variables at each level of analysis. Similar to
variance decomposition in multilevel extensions of the general linear model, for each
variable observed at a more granular level of analysis, one may specify variance at each
higher level (e.g., Raudenbush & Bryk, 2002). The user can then specify a covariance
structure, which includes freely estimated and constrained parameters, for all variables with
variance at each level. Due to statistical dependence, we note that the user should consider
variance at each higher level of analysis. For example, in fitting a saturated between-group
model, one should consider between-group variance in all variables assessed within group.
Omitting a variable from a higher level of analysis is akin to constraining its variance to 0.
This constraint may be theoretically consistent and supported by variance decomposition
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analyses. However, freeing this parameter when fitting the saturated model provides an
empirical test of this constraint in the context of a broader specified model. We further note
that the partially-saturated approach to model fit may be limited in evaluating equality
constraints between levels of analysis. For example, re-estimating the model with each level
saturated may thwart a constraint of equality on the between- and within-group factor
loadings for a given item.

Moreover, from the chi-squared statistic, degrees of freedom, sample size, and number of
parameters, one can compute additional indices of model fit. The current paper will use
RMSEA and AIC as examples. However, the approach can be extended to related fit indices.
As an example, supplemental materials describe the computation of the Bayesian
Information Criteria (BIC). Compared to the chi-squared statistic, RMSEA may be less
sensitive to increased model complexity and robust to violations of multivariate normality
(Hu & Bentler, 1998). Level-specific RMSEA is computed as the ratio (Ryu & West, 2009):

X3 -dfg

RMSEA; = W

where ;(g, dfg and Ny refer, respectively, to the chi-squared statistic, degrees of freedom, and
number of observations for the g-level specified. For example, in a study where 100
participants each complete 20 assessments, level 2 (i.e., between-person) reflects the 100
participants. Level 1 reflects 20 observations per person, which, with the assumption of
measurement invariance across people (i.e., level 2 groups), can be fit based on 2,000 (100 x
20) observations.

Additionally, the AIC provides a relative index of fit to facilitate comparison of multiple
model specifications. A/C,can be computed for each level g=1...Q, based on the chi-
squared statistic adjusted for model complexity (i.e., the number of parameters in the
specified model):

)
AICy= x5 +2%kg,

where ;(3 refers to the chi-squared statistic for the g level specified and & represents the

number of parameters in the specified model (Akaike, 1987). One can compute additional fit
indices (e.g., BIC, see supplemental materials) from these quantities.

Alternative Model Specification

Instead of specifying a multilevel (i.e., mixed effects) structural equation model, dependence
due to nested data (e.g., observations nested within person) can be alternatively specified as
a single-level model at the highest level (e.g., between person) with each nested observation
(e.g., observations within person) specified concurrently. Mehta and Neale (2005) detail this
approach, called ML-SEM, which is illustrated in Figure 2. Specifically, the dataset is
restructured so that each row represents a cluster (e.g., a person). Each variable is then
represented at each occasion. Rather than specified as a separate within-person model, as
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detailed above, the within-person model is specified for sets of variables for each occasion.
Equality constraints are added to impose stationarity and measurement invariance, which is
assumed of the multilevel models described above. Mehta and Neale note that this approach
facilitates empirically testing these assumptions as constraints for parameter equality can be
relaxed and tested. For example, such a test might demonstrate changes in differential item
functioning as a function of time in the study. One could also specify a contrast to evaluate
potential measurement effects of occasion-specific variables (e.g., assessing alcohol intake
on the weekend vs. weekday). However, while Mehta and Neale suggest that standard model
fit indices might appropriately index model fit, they note a paucity of evidence from either
mathematical or simulation-based research to confirm this notion. In the present study, we
simulate data to compare and contrast the function of standard model fit indices (i.e., ;(2,
RMSEA, AIC) in MSEM and ML-SEM.

Implementation

Within the open-source statistical software R (R Core Team, 2015), we developed a set of
functions that generate saturated matrices and fit the correct set of models to compute model
fit statistics at each level. These functions use the OpenMx package (Neale et al., 2016), a
flexible SEM package that can estimate MSEM (Pritikin, Hunter, von Oertzen, Brick, &
Boker, 2017). Functions and supplemental code are available at osf.io/v4mej and will be
incorporated into later releases of the OpenMx package. Within the MSEM(it() function, one
provides a fully specified MSEM, denotes which levels to saturate, and specifies whether-or-
not to run the fully- or partially-saturated model. The function returns an mxModel object
optimized or not as specified. The MSEMTitAuto() function calls on the MSEMTit() function
to automatically create and optimize three models: the fully-saturated model, a model in
which only level 1 is saturated, or a model in which only level 2 is saturated. Specified
models for each level are retained from the user’s original, specified model. Therefore,
inputting a previously optimized (i.e., fitted) model reduces computational time. The
MSEMTfitAuto() function returns all optimized models along with the model specific fit
indices described here (e.g., )(2, RMSEA, AIC).

To saturate level 1, the MSEMfitfunction specifies a saturated symmetric covariance matrix
for all variables included in the model (i.e., all variables specified in the manifestVars
statement). All asymmetric paths are removed. To saturate level 2, the function specifies a
separate latent factor at level 2 to correspond to each level 1 variable such that each level 1
variable loads into one level 2 factor. Factor loadings are fixed at 1. Similar to variance
decomposition, this represents level 2 (e.g., between-person) variance in each level 1 (e.g.,
within-person) variable. In this manner, the partially-saturated model fit approach can
evaluate the appropriateness of specified latent factors at level 2. Similar to level 1, the
symmetric matrix among all latent and observed variables at level 2 is saturated; all
asymmetric paths are removed. Both functions use the mxT7ryHard() function to automate
repeated model optimization from different starting values. While the functions are presently
limited to 2-level MSEM, development is underway to permit estimating model fit for n-
level MSEM.
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Simulation Study

To evaluate partially-saturated model fit indices for MSEM, 500 datasets were generated
under a 2-level confirmatory factor analytic (CFA) model with 8 observed variables
specified as loading onto a single factor at each level (see Table 1, columns “simulated,”
Figure 1A, and osf.io/v4amej for example R code). To approximate a data rich yet practically
feasible sample, data were simulated with 150 observations in each of 200 clusters. Three
models were then fit to the data: the correct model, one in which level 1 was mis-specified,
and one in which level 2 was mis-specified (see osf.io/vdme]j for example R code). In mis-
specified models, the eight observed variables were modeled as indicators of ftwo
uncorrelated latent factors at level 1 (see Figure 1B) or level 2 (see Figure 1C). While
omitted from Figures 1 and 2, all models estimated observed variable means and residual
variance (“error”). Using the functions described above, model fit indices were computed for
each model fit to each dataset.

Separate models were fit to each dataset to implement the ML-SEM specification described
by Mehta and Neale (2005), which evaluated prior evidence that overall model fit is
particularly susceptible to misspecification at level 1. The ML-SEM specification grows
linearly with the number of level 1 observations. With 8 variables at each of 150 level 1
observations, the specification would require evaluating the likelihood over 1200
observations, which would involve repeatedly inverting a 1,200 x 1,200 covariance matrix.
Instead, all 200 clusters were retained but, within each level 2 cluster, only a subset of the
first 13 observations were retained to reduce the considerable computational burden to a 104
x 104 covariance matrix. Because of suspiciously high outlier XZ values, under the MSEM
approach, 4 samples of the correctly-specified model and 1 sample of the model in which
level 1 was mis-specified were removed. Similarly, because of a suspiciously high outlier x2
value, 1 sample of the correctly-specified model under the ML-SEM approach was removed.
Model fitting was conducted with Full Information Maximum Likelihood in the OpenMx
package version 2.7.11. Analyses were run in R version 3.2.3 (R Core Team, 2015) using the
psych package version 2.7.11 for data management (Revelle, 2015).

Correctly-specified MSEM and ML-SEM analyses (see Table 1) recovered the simulated
observed item means, residual error, and factor loadings at both levels (see Supplemental
Figure 1S). Empirical parameter estimates show high accuracy and precision around the true
simulated values. The partially-saturated model fit indices (i.e., )(2, RMSEA, AIC)
accurately identified correctly-specified and mis-specified models at levels 1 and 2 (see
Table 2 and Figure 3). Regarding absolute model fit, a significant chi-squared statistic at p <
0.05 or RMSEA = 0.08 accurately indicated all cases where the level 1 or 2 model was mis-
specified. Using the RMSEA = 0.08 cut-off also accurately indicated all cases where the
level 1 or 2 model was correctly-specified. However, consistent with prior research (e.g.,
Bollen, 1990; Marsh, Balla, & McDonald, 1988), the chi-squared statistic may incorrectly
indicate a poor fitting model; in the present study, the chi-squared statistic incorrectly
suggested poor model fit on approximately 33% of samples where the level 1 model was
correctly specified and 2% of samples where the level 2 model was correctly specified.
Regarding relative fit, comparison of average AIC estimates indicated that the partially-
saturated model fit approach and associated function accurately index better fit of the
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correctly- to incorrectly-specified models. When examined separately, the AIC value for the
correctly-specified model was lower than the value for the mis-specified model for both
level 1 (N =496 [100% of samples]) and 2 (N = 494 [99.6% of samples]). Comparison of
BIC values also indicated the correctly-specified model at both levels on all samples.

Finally, ML-SEM fit indices suggest that RMSEA accurately indexed the correctly-specified
model, whereas, as expected, the chi-squared statistic was inflated due to sample size (Marsh
et al., 1988). Both mis-specified models produced worse overall model fit as indexed by chi-
squared, RMSEA, and AIC values. Results are also consistent with prior evidence: overall
model fit was particularly impacted by misspecification at level 1 (e.g., Hsu et al., 2015).

Empirical Example

To illustrate the application of model fit indices for multilevel structural equation models,
model fit indices were estimated to evaluate the structure of positive and negative affect in
three multilevel confirmatory factor analyses (CFA). Three-hundred and forty-five
undergraduate students completed an ecological momentary assessment (EMA) procedure in
which they reported on current affect three times per day for 14 days using a smartphone-
based app. Affect was assessed using nine items (five of which probe negative affect, e.g.,
“unhappy”, and four probe positive affect, e.g., “joyful”) rated from 0 (“Not at all”) to 6
(“Extremely much”) based on work by Diener and Emmons (1985). Participants completed
the study for course credit; the study was approved by the Institutional Review Board of
Virginia Commonwealth University, where the data were collected. Participants showed high
compliance with the EMA procedure; 312 participants (90.4%) completed at least 34 (81%)
of 42 scheduled assessments.

Three specifications were modeled to examine hypothesized structures for positive and
negative affect. Consistent with the theory that positive and negative affect fall on a single
dimension, the first model (A) included one latent factor at each level (i.e., within- and
between-person; see Supplemental Figure 2S). The second model (B) examined the notion
that positive and negative affect form distinct, correlated latent factors at both levels of
analysis (see Supplemental Figure 3S). Using the partially-saturated model fit approach,
level-specific fit is unaffected by specification at other levels of analysis (Ryu & West,
2009). Therefore, these two models are sufficient to compare the 1- and 2-factor
specifications at both the within- and between-person levels of analysis. A third model (C)
modified the 2-factor specification at the between-person level to include a random intercept
(see Figure 4), which accounts for between-person variance such as that due to reporting
style (Maydeu-Olivares & Coffman, 2006).

As indexed by XZ and RMSEA, the 1-factor model A yielded poor fit to the data at both
levels of analysis (see Table 3). However, RMSEA indicates adequate fit of the 2-factor
model at level 1 (i.e., within-person). A considerably smaller AIC further indicates better fit
for the 2-factor model B over the 1-factor model at level 1. While AIC suggests that
including the random intercept improved fit at level 2 (model C; see Table 3 and Figure 4),
XZ and RMSEA signify poor model fit at level 2. Subsequent analyses probed the source of
misfit at level 2. Inspection of histograms for item means at the between-person level reveals
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considerable departure from multivariate normality for negative affect items (see
Supplemental Figure 4S), though not for positive affect items (see Supplemental Figure 5S).
Deviations from multivariate normality are known to impact traditional model fit indices,
which may lead to model rejection despite a properly specified model for level 2 (Barrett,
2007). Alternatively, although model C reflects prior investigations (e.g., Diener & Emmons,
1985; Watson, Clark, & Tellegen, 1988), it may be a poor specification of the between-
person structure of affect.

Overall, the final model (i.e., model C) supports prior evidence that the 2-dimensional
structure of positive and negative affect may reflect within-person variation over time (e.g.,
Diener & Emmons, 1985; Watson et al., 1988). Over time, within-person fluctuations in
positive and negative affect are moderately negatively correlated such that fluctuations in
one explain approximately 16.8% of variation in the other. This is consistent with another
investigation of within-person variation in affect assessed thrice daily (Pritikin, Rappaport,
& Neale, 2017). While the present data support a 2-dimensional structure of affect, they
further indicate that positive and negative affect may be moderately correlated over time
rather than orthogonal.

At the between-person level, the partially-saturated approach to model fit demonstrates that
the present data may be inconsistent with the 1- or 2-dimensional models of affect. While
others have suggested alternative, hierarchical structures to explain between-person variation
in affect (e.g., Tellegen, Watson, & Clark, 1999), models A and B, evaluated here, represent
the two prevailing theorized structures of affect, which have been supported in samples
larger than the present study (e.g., Watson et al., 1988). It is beyond the scope of the present
paper to explore alternative models for the structure of affect. A full investigation of the
structure of between-person variation in affect would require a substantially larger sample.
The current results illustrate that the partially-saturated model fit approach can identify that
the 2-dimensional model of positive and negative affect may explain within-person variation
over time but not variation between-person.

Discussion

The present study illustrates the estimation and use of partially-saturated model fit indices to
evaluate level-specific fit in MSEM, as described by Ryu and West (2009). We report on
new functions that create and optimize three saturated or partially-saturated models to
compute level-specific fit for 2-level structural equation models. A simulation study of 500
samples demonstrates that the approach, and attendant functions, accurately identified
correctly- and incorrectly-specified models while distinguishing between misspecification at
each level. Moreover, we describe similarities between MSEM and ML-SEM, as described
by Mehta and Neale (2005). Mehta and Neale propose the use of standard model fit indices;
we demonstrate that RMSEA accurately identified a correctly-specified. Finally, we provide
an empirical illustration of the use of MSEM fit indices to evaluate the within- and between-
person structure of affect among university students using an EMA procedure.

MSEM, using the partially-saturated model fit indices developed by Ryu and West (2009),
accurately identified when each model for level 1 and 2 were correctly- or incorrectly-
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specified. However, MSEM imposes several assumptions, such as measurement invariance
and stationarity. In contrast, the ML-SEM approach developed by Mehta and Neale (2005)
allows one to test each assumption. Nevertheless, the present simulation results suggest that
overall model fit may reflect whether the level 1 model is correctly specified and may be
unable to detect misspecification at level 2. The choice of approach will vary based on the
goals of a given analysis. For example, ML-SEM is flexible and well-suited to test specific
hypotheses and assumptions at level 1 where it is able to detect misspecification. However,
research that seeks to evaluate the multivariate structure at different levels of analysis may
require the MSEM approach to ensure adequate model fit for each level. Finally, the present
results support prior recommendations to consider the chi-squared statistic a conservative
test of model fit and encourage the use of RMSEA, which accurately detected all cases of
correct and incorrect specification using the partially-saturated model fit approach.

As illustrated above, standard model fit indices assume that data are independently and
identically distributed. However, many processes central to social and medical sciences rely
on identifying the pertinent level of analysis. Research on one level (e.g., between-persons)
is inadequate to evaluate theory relevant to another (Curran & Bauer, 2011; Molenaar,
2004). For example, poverty might contribute to psychiatric risk through direct influence on
an individual (i.e., between-persons) or through influence on the surrounding community
(i.e., between-communities) that creates pathogenic conditions. Additionally, changes in
poverty (e.g., loss of financial security) over time for a single person (i.e., within-person)
might uniquely contribute to when one experiences the onset of psychiatric distress. MSEM
is well-suited to disaggregate covariance among observed variables due to various levels of a
nested data structure (e.g., children within schools or observations within person; Preacher,
Zyphur, & Zhang, 2010), which allows one to test theoretical models of how variables are
interrelated at different levels of analysis. Additionally, MSEM allows users to specify
measurement models to extract latent, unobserved factors at each level of analysis. For
example, in the example above, multilevel confirmatory factor analysis of affect items
evaluated whether within- and between-person covariance of affect items (e.g., “joy”) over
time derives from the 2-dimensional structure. The partially-saturated model fit approach
illustrates that the 2-dimensional structure fits within-person variation in affect over time
though not between-person variation. Additionally, while 2 distinct dimensions, the present
data indicate a moderate within-person correlation of negative with positive affect, which is
consistent with recent research (Pritikin, Rappaport, et al., 2017).

However, while MSEM allows the user to specify and test unique measurement and
structural models at each level of analysis, it is imperative that the specified model for each
level of analysis adequately fits the empirical data. Standard log-likelihood estimates and
resulting model fit indices (e.qg., )(2, RMSEA, AIC) are biased towards identifying
misspecification at the lowest level of analysis (i.e., level 1). Hence, researchers are strongly
encouraged to evaluate level-specific model fit to both ensure adequate fit to the empirical
data and to compare competing alternative models for each level of analysis. To support
researchers in evaluating level-specific model fit, we demonstrate, and report on the
implementation of, partially-saturated model fit indices in OpenMXx, an open-source SEM
and MSEM package.
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Figurel.
Illustration of Correct and Incorrect Specifications of the Simulated 1-Factor Multilevel

Confirmatory Factor Model. Means of observed variables were generated and modeled but
are omitted for visual clarity. Figure 1A denotes the data generating model; Figures 1B and
1C denote incorrect model specifications for level 1 and 2, respectively.
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Person 1 Person 2 Person i

Figure 2.
Illustration of ML-SEM Specification for a 1-Factor Multilevel Confirmatory Factor Model.

Note: Means of observed variables were generated and modeled but are omitted for visual
clarity. Identical path coefficient labels (i.e., a, b, h) and residual variance labels (i.e., e1, €2,
e8) denote equality constraints. Person 7indicates the last person in a dataset.
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Summary of Model Fit Indices from the Simulation Study. Note. CW = correct within (i.e.,
level 1), WW = wrong within, CB = correct between (i.e., level 2), WB = wrong between.
Because of suspiciously high outlier XZ values, 4 samples of the CW, CB and 1 sample of
the CW, WB models were removed.
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Figure 4.
Illustration of the Final Model for Within- and Between-Person Affect Structure.
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