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The purpose of the current study is to highlight and extend previous research on the
consequences of ignoring cluster dependencies in confirmatory factor analysis (CFA) models,
also known as measurement models. Although applied researchers are now well aware that they
should avoid violating the independence assumption in univariate analyses (e.g., using multilevel
models or unilevel regression with cluster-robust standard errors), some may not be aware that
the independence assumption applies to multivariate analyses as well. Assuming the same 2-
factor, tau-equivalent model at Level 1 (e.g., students) and Level 2 (e.g., schools), a relatively
high within-cluster factor reliability of .90, and a modest intraclass correlation of .20, we
specifically studied scenarios in which the Level 2 item-factor relations were either the same or
weaker than Level 2 item-factor relations. Our Monte Carlo simulation results show that, when a

unilevel factor model is fitted to clustered data, factor loading standard errors will be



substantially biased when the Level 1 and Level 2 reliabilities differ, particularly for data
structures with large sized clusters. Moreover, irrespective of sample size, a lower Level 2
reliability relative to Level 1 will lead to underestimates of factor reliabilities when clustering is

ignored, irrespective of sample size.
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Problems with Ignoring Clustering in Confirmatory Factor Analysis:
A Monte Carlo Simulation Study

Researchers in education and other social sciences are typically interested in testing
hypotheses involving latent constructs that cannot be directly observed, such group comparisons
on mathematics knowledge, science teaching self-efficacy, or youth sports coaching quality. In
all of these scenarios, researchers must infer that the latent construct of interest is validly
measured using manifest self-report or observational scales. Thus, psychometric studies of
observed measures are crucial for bridging the gap between measuring a desired construct and
the observed measure used to represent the construct. The most common avenue for studying
construct validity is confirmatory factor analyses (CFA), which analyzes the variances and
covariances among manifest variables (items) to: (a) evaluate the underlying factor
structure/dimensionality in the data, (b) estimate each item’s specific relationship with the latent
factor, and conversely, the amount of error for each item, and (c¢) estimate reliability using
omega in lieu of Cronbach’s alpha (that latter assumes tau-equivalence: that the item-factor
relations are the same across all items, which is a lower-bound on scale reliability).

Despite its usefulness, like any model, CFA assumes that the raw data used to compute
the observed variances and covariances are independent (i.e., the individual scores are not
systematically correlated due to clustering). In other words, that each case in the raw data
contributes unique information that does not depend on other cases in the sample. And, although
prior research has shown that independence violations bias CFA loading standard errors (e.g.,
Julian, 2001), applied researchers may be ignoring the problem because: (a) multilevel CFA
involves added complexity, and (b) they may truly not be aware of the assumption in the first

place. Given the importance in obtaining accurate psychometric properties for our observed
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scales, the present study sought to re-emphasize the problem of ignoring clustering in CFAs, and
additionally, to extend the previous research on the issue by systematically examining how
differences in Level 2 factor reliability may impact loadings when clustering is ignored.
CFA in Context: Youth Sports

In the arena of youth sports, latent constructs of interest could include children’s
participation interest, sport self-efficacy, and moral behavior in sport. For example, Smith et al.
(2008) conducted factor analyses of their Motivational Climate Scale for Youth Sports
(MCSYS), which is a 12-item scale measuring the extent to which coaches fostered a “mastery
climate” for the athletes on their team. A mastery climate was defined as an “emphasis on self-
referenced improvement, effort, and a cooperative learning environment,” which is in opposition
to an ego-driven climate that “is marked by an emphasis on outperforming others, a focus on
outcome, preferential attention to top performers, and punishment of mistakes” (Smith et al.,
2008). Their analysis results indicated that the best fitting model was involved two factors with
six items per factor (one representing mastery and the other representing ego).

Other studies of measures in youth sports have included: the Prosocial and Antisocial
Behavior in Sport Scale (Kavussanu & Boardley, 2009), which measures observable moral
action in competitive sport; the Leadership Scale for Sports (Chelladurai & Saleh, 1980; Jambor
& Zhang, 1997), which measures leadership qualities specific to sports coaching; and the
Behavioral Regulation in Sport Questionnaire-6 (Lonsdale et al., 2008), which measures 6
different types of motivational regulation in sport. In each of these instances, factor models were
used to explore and gather reliability and validity evidence supporting the use of the scales—a
crucial first step before the need for intervention can be established, and before programs can be

evaluated for their efficacy.



PROBLEMS WITH IGNORING CLUSTERING IN CFA 7

CFA: Unilevel Model

In any univariate regression, it is assumed that there is no measurement error in the
predictors and that all error is captured in residual variance of the outcome. In contrast, in a
standard CFA, each variable, which we’ll term as an “item” from a scale, is assumed to have
some amount of error in its measurement, attributable to either the nature of the variable itself or
the manner in which it was collected. In addition, a CFA assumes that the shared variance among
the manifest (observed) variables is caused by a latent (unobserved) variable, which is inferred to
be the construct of interest. The CFA model for a given item is specifically as follows.

Y, =08 + 6 (1
In the model above, the /" manifest item (Y;) is a function of the strength of its relationship with
the j™ latent factor (i.e., factor loading, A; ;) the j™ latent factor (€ ;), and the manifest item’s
residual (6;). To estimate the model parameters, the model-implied variance-covariance matrix is
estimated as:

L =APAT+0O (2)
where the model-implied variance-covariance matrix () is a function of the product of the item-
factor loading matrix (A), the latent factor variance-covariance matrix (@), and the transpose of
the variable-factor loading matrix (AT), plus the variable residual variance-covariance matrix,
assumed to be a diagonal matrix () (Kline, 2016).

An example of a 2-factor, 5-item-per-factor path diagram is given in Figure 1. As can be
seen, this model would scale the latent factor variance to the first item in the set of items
associated with the factor, and then would allow the remaining eight item-factor relations
(loadings) and residual variances to be estimated; additionally, one structural path would also be

freely estimated (i.e., the correlation between the two latent factors). Note in this specification
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that the relations among the first set of items and the second factor would be constrained to zero,
and vice versa (this can be relaxed to allow for cross loading, if desired). Last, it is also
noteworthy that, if all item loading estimates are desired (i.e., estimating the loading for the first
item associated with each factor), then the two latent factors would need to be constrained to a
scale of some form, typically unit normal.

The assumptions of the standard unilevel model include linearity and multivariate
normality (both of which can be relaxed for models involving nominal, ordinal, or skewed data,
so long as they are appropriately specified), population homogeneity (i.e., that the sample
variance-covariance matrix represents a single population and that subgroups do not have
different matrices), and independence of observations (the variance-covariance matrix is
computed from scores that are not correlated due to clustering).

Consequences of Ignoring Clustering (Non-Independence)

It has been known by quantitative methodologists for many decades that the
independence assumption is one of the most crucial assumptions underlying any statistical model
(e.g., Cochran, 1976). In addition to biased variance estimates (and therefore inflated Type I
error and undercoverage of confidence intervals), parameter estimates themselves may be biased
when within- and between-cluster relations are not properly decomposed (e.g., Snijders &
Bosker 2012, pp. 13-37). With respect to CFA models in particular, violation of independence
has been far less studied. One of the only studies on this topic was conducted by Julian (2001).
His work, which used a large-scale Monte Carlo simulation to study the effects of ignoring
clustering on data with varied Level 1 and Level 2 factor structures, cluster sizes, and numbers of
clusters, showed that factor variance estimates and fit statistics became biased across most

scenarios when clustering was ignored, particularly for conditions involving large sized clusters
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relative to the number of clusters. On the other hand, loading parameter estimates themselves
only became biased when the factor structures at the different levels varied.
CFA: Multilevel Model

When individuals are sampled from clusters like schools and districts, dependencies in
individuals’ scores due to cluster membership will naturally arise if the construct being measured
is related to cluster membership. For example, in the case of youth sports coaching, the extent to
which a construct like mastery is encouraged by a coach may be dependent on district-level
policy and initiatives, the attitudes and beliefs around sport in their community, and/or levels of
access to recreational facilities and resources. Thus, if coaches from multiple districts were
sampled, a unilevel CFA would be inappropriate; instead, a multilevel CFA could be used to
analyze the data correctly. The model would be:

Yoo =u+oag+Bgi, (3)
where Yj; represents the vector of observations taken from an individual i in group/cluster g, p is
an overall mean vector, and o and B; represent vectors of independent, random, normal
variables corresponding to the between-group (or between-cluster, Level 2) and within-group (or
within-cluster, Level 1) models, respectively. In essence, Level 2 data involve aggregated item
means (and their variances and covariances), and level 1 data involve cluster-mean centered item
values (and their variances and covariances). The model-implied variance-covariance matrices
for each level are then computed separately using the same decomposition shown in (Figure 2),
as within-cluster (Level 1) and between-cluster (Level 2) model-implied variance-covariance
matrices, as follows:

z, = A, ®,AT, +0, 4)

and
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2, = A, @pAL + 0, (5)
where the model-implied variance-covariance matrix (X) at each level is a function of the
product of the item-factor loading matrix (A), the latent factor variance-covariance matrix (@),
and the transpose of the variable-factor loading matrix (AT), plus the variable residual variance-
covariance matrix, assumed to be a diagonal matrix () (Julian, 2001).
Prevalence of Ignoring Clustering in CFAs

Multilevel models and their alternatives for dealing with clustering in univariate analyses
are widespread and now considered ubiquitous in education and psychology (Bauer & Sterba,
2011; Luo et al., 2021; McNeish et al., 2017). In contrast, multilevel multivariate methods may
be less prevalent. The reasons for this may be threefold. First, although multilevel CFA has been
available in Mplus (Muthén & Muthén, 2021) software for quite some time, it is currently not as
easily or flexibly implemented in more widely available (and popular) lavaan structural equation
modeling package in R (Rosseel, 2012) which is free. Second, researchers may be under the
(mis)impression that the independence assumption is not of critical importance to CFA models,
particularly given the lack of methodological papers highlighting the issues involved around the
effects of clustering on CFA results. A third reason that multilevel CFA may not be used as
frequently as one would expect in education and psychology studies is that it requires added
complexity in that the measurement and structural parts of the models may need different
specifications at Level 1 and Level 2. Last but not least, given that Julian’s (2001) study of the
consequence of ignoring clustering in CFAs found that the loading parameter estimates were
relatively unaffected by cluster dependencies, applied researchers focused on the measurement

portion of a model (i.e., factor reliability) may be unconcerned with the issue in truth.
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To obtain some sense of the prevalence of researchers employing unilevel CFAs when
clustering is present in their data, we conducted an online library search for any peer-reviewed
journal articles using keywords “Education” and “CFA” published in the Academic Search
Complete, APA PsycInfo, and Education Source databases, from years 2021 to 2022. The search
yielded 1,160 articles, and we selected the most recent 20 non-methodological articles for
review. The selected 20 articles were published in a variety of journals, including Biomed
Central, Journal of Psychology of Education, Journal of Psychopathology of Education, and the
Journal of General Internal Medicine, on topics that included online teaching, physical literacy,
school engagement, and emotion regulation. The articles were reviewed for (a) what type of CFA
(unilevel or multilevel) was used, and (2) potential sources of clustering. Of the 20 articles,
potential clustering was found in 15 (75%) but none employed multilevel CFA. Types of
clustering that were ignored included teachers or students within different schools, internal
medicine students within from different residency programs, and service staff nested within
different hotels.

Current Study

While extensive, Julian’s (2001) study findings on bias arising in unilevel CFA results
when the data involves cluster dependencies were limited to loading values (and hence factor
reliabilities) that were assumed to be the same at each of the levels, and further given that applied
researchers appear to be largely ignoring clustering in their data when specifying their CFA
models, we set out to evaluate the impact of ignoring clustering in CFAs for scenarios in which
the truth is that there are differing factor reliabilities at Level 1 and Level 2. Specifically, we ask
the following research question: What are the consequences for loading parameter estimates and

their standard errors when clustering is ignored using unilevel CFA when (a) the Level 1 and
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Level 2 factor reliabilities are the same, and (b) the Level 1 and Level 2 factor reliabilities differ?
Further, do the effects of the ignored Level 2 factor reliability on bias depend on number of
clusters or cluster size?
Method

To answer our research questions, a small-scale Monte Carlo simulation was conducted
using Mplus. We generated sample data from a population 2-level, 2-factor confirmatory factor
analysis (CFA) model in which the factor structure at the within-cluster (Level 1) and between-
cluster (Level 2) were the same but Level 2 factor reliabilities and sample sizes were varied.
Those samples were then analyzed the data using the (correct) 2-level model and the (incorrect)
unilevel model. Below we describe the data generation and analysis procedures more fully.
Data Generation

Conditions held constant. Data were generated as a multilevel 2-factor model. To
produce a realistic situation for education research while still isolating the conditions of interest,
the following conditions were held constant.

1. Each of the two factors are measured by five indicators (items), with 10 items total;
for brevity, the same items are set to load onto the same factors at both levels. This
again is similar to other studies of CFA models that use 3-5 loadings per factor.

2. Level 1 factors were set to a variance of 1 and Level 2 factors were set to a variance
of 0.25 so that the intraclass correlation of the factors and indicators would be set to
.20, which is typical of multilevel dependencies in education research (Hedges &
Hedberg, 2007).

3. The factors were moderately correlated (» = .30) at both Level 1 and Level 2, similar

to many studies of CFA models. (Note: at Level 2, the correlation was set as a
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covariance as .075 (correlation multiplied by the standard deviations of the two Level
2 latent variables.)

4. Residual variances of the observed indicators were set to 1 — the squared loading
values; at Level 2, these values were further scaled according to the Level 2 factor
variances.

5. The within-cluster Level 1 factor reliability for both factors was set at .90 by setting
the loadings to a value that would produce this reliability level for a factor with n =5
items (only the between-cluster Level 2 factor reliability was varied). Specifically, the

loadings were solved algebraically for a given factor reliability, or omega ({2),

. 1 )
resulting in: 4 = n) , Where n = the number of items for the factor, and 2 =

the desired factor reliability. With this formula, we assume that the factor and item
scales are unit normal, and that the population generation model is a parallel test
model since all factor loadings were set to the same value at a given level, and all
residual variances were the same at a given level. We also note that we set the
reliability to be higher than the typical CFA study as a conservative approach to the
study of how Level 2 reliabilities might impact estimates when clustering is ignored;
in future research we will vary this as well.
Conditions that were varied. Of importance, we were interested in (a) how Level 2
factor reliability (loadings) differences from Level 1 factor reliabilities might impact loading
estimates when clustering was ignored, and (b) whether cluster-to-cluster size ratios might

moderate bias, if any. Given that Julian (2001) found more bias in factor variance estimates in

scenarios with relatively larger sized clusters, we created three conditions for each sample size



PROBLEMS WITH IGNORING CLUSTERING IN CFA 14

level: relatively large cluster sizes, cluster sizes equal to the number of clusters, and relatively
small cluster sizes. Below are the specific conditions that were varied.
1. Two levels of cluster sample sizes (J) were set to either 30 or 100 to represent small and
large sample sizes, respectively, and three levels of cluster sizes (m) per sample size were
employed for each J size: for J = 30 clusters, m = 10, 30, and 100; for J = 100 clusters, m
=30, 100, and 300. Taken together, we had approximate J:m ratios of 0.33, 1, and 3 for
each J to represent relatively large clusters, equality, and relatively small clusters.
2. Last but not least, factor reliability for both factors at Level 2 was set at the following
three conditions: .50 (far lower than Level 1), .70 (somewhat lower than Level 1), or .90
(same as Level 1). As with the Level 1 factor loadings, we assumed tau-equivalence.
In total, we simulated 6 (J:m ratio) * 3 (Level 2 factor reliability level) = 18 conditions. For each
of the 18 conditions, N = 1000 replicates were drawn; for each replicate, a 2-level CFA and a
unilevel CFA was estimated. Data were generated from a multivariate normal distribution using
Mplus, and analyses of the replicates were conducted in Mplus.
Simulation Results Analysis

Because the present study is a small-scale Monte Carlo simulation, descriptive statistics
and related data visualizations were used to evaluate our research questions. Descriptive statistics
focus on comparing the two types of CFA analyses on bias in loading estimates and their
standard errors as Level 2 reliability decreases, as well as whether the bias (if any) depends on
number of clusters (J) or cluster size (m). To this end, across the 1,000 replicates for each of the
18 simulation conditions, for each type of CFA analysis, we computed the mean of the 10 item

loading parameter estimates across both factors (focusing on Level 1 in the 2-level model for
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comparison with the unilevel model), as well as the mean of the model-based loading standard
error estimates and the mean of the loading parameter standard deviations.

For factor loading parameter estimates, we report relative bias, defined as the difference
between the mean estimate across 1,000 replications and the true value, divided by the true
value. A relative bias of zero indicates no bias, whereas positive values indicate overestimation
and negative values indicate underestimation, and Hoogland and Boomsma (1998) suggest that
relative bias exceeding £5% for point estimates is cause for concern.

Because standard errors are unique to each condition and analysis approach, to obtain
factor loading standard error bias, we computed empirical bias, defined as the ratio of the mean
of the observed estimated standard errors to the expected standard error, with the expected
standard error based on the empirical standard deviation of the slope parameters. In other words,
the expected standard errors are equal to the standard deviation of the slope estimates across
replications (we note that this metric has been termed ‘‘overconfidence’’ by Beck and Katz
(1995), “‘optimism’’ by Bell and Jones (2015), and “efficacy” by McNeish (2019)). Values of 1
indicate no bias, whereas values above 1 indicate upwardly biased standard errors, and values
below 1 indicate downwardly biased standard errors. Hoogland and Boomsma (1998) suggest
that relative bias exceeding £10% (values below 0.90 or above 1.10)

Last but not least, we also report the mean estimated factor reliability across both
factors (again, focusing on Level 1 in the 2-level model for comparison with the unilevel model)
to demonstrate how bias in the loadings or their standard errors, if any, contributes to bias in
overall factor reliability.

Results
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In all simulation conditions, the multilevel confirmatory factor analysis (CFA) model
recovered exhibited no bias (as was expected). As such, for reader interest we report the
multilevel and unilevel CFA results, but focus our discussion on the unilevel CFA that ignores
clustering.

Loading parameter estimate relative bias. Table 1 reports simulation condition mean
relative bias in average Level 1 loading estimates by condition and analysis type, and similarly,
Figure 3 highlights the relationships based on Level 2 factor reliability (our focal condition) and
number of clusters relative to cluster size (J:m ratio). As can be seen, we found no meaningful
bias in the loading parameter estimates based on our design conditions. This said, there appears
to be a slight over-estimation in the loadings as Level 2 factor reliability increases for the
unilevel confirmatory factor analysis (CFA) model.

Loading standard error empirical bias. Table 2 reports simulation condition mean
empirical bias in average Level 1 loading standard errors by condition and analysis type, and
Figure 3 highlights the relationships based on Level 2 factor reliability (our focal condition) and
number of clusters relative to cluster size (J:m ratio). As is dramatically clear, the standard error
is greatly underestimated by the unilevel CFA for nearly every condition; however, the distortion
is more pronounced in samples with relatively large sized clusters, especially for samples with
the largest number of clusters.

Factor reliability estimates. Table 3 and Figure 4 display results for mean model-
estimated Level 1 factor reliabilities. Although the results largely mirror the pattern found for the
standard errors—that is, as Level 2 factor reliability decreases, the unilevel CFA underestimates

the true Level 1 factor reliability—what differs from the standard error bias findings is that the
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reliability distortion is unrelated to sample size conditions. In other words, the factor reliabilities
are solely dependent on the blend of the Level 1 and Level 2 factor reliabilities.
Discussion

Measuring latent constructs, such as children’s sports interest or youth coaching
leadership skills, with high reliability is crucial for evaluating research questions with a sufficient
accuracy and confidence. However, researchers may be unaware that measurement models such
as confirmatory factor analysis (CFA) can be prone to bias when multilevel data structures are
used in single-level analyses. The current study sought to replicate and extend seminal work by
Julian (2001) on the consequences of ignoring clustering in confirmatory factor analysis (CFA)
models. Using a limited set of conditions for a 2-factor, 2-level CFA in which the Level 1 and
Level 2 factor structures were assumed to be the same but the factor reliabilities (i.e., loadings)
were either the same or lower for Level 2 factors compared to Level 1 factors, we generated
clustered sample data and fit a unilevel 2-factor CFA to the data. Consistent with Julian (2001),
our results showed that, although there was no substantial bias found in the loading parameters
themselves, there was extreme downward bias in the loading standard errors. Further, we found
that the standard error distortion was more marked in samples with relatively large sized
clusters—a situation that would arise when collecting data from a small number of districts that
have fairly large sample sizes of children or coaches.

Importantly, the unique contribution of our study to the literature is in the systematic
manipulation of the factor reliabilities (loading values) at Level 1 and Level 2. We found that the
standard error was increasingly underestimated as the reliability of Factor 2 decreased when
clustering was ignored using the unilevel CFA. In other words, when the Factor 2 reliability was

the same as the Factor 1 reliability (both at .90), there was only slight standard error
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underestimation. This indicates that the effects of the clustering dependencies (intraclass
correlations) on model-based standard errors in the unilevel model are amplified when the
underlying (ignored) Level 2 factors have increased random error. Further, when the cluster sizes
are relatively large, the deleterious effects on the loading standard errors are bolstered further.
Limitations and Future Research

There are several limitations in the current study. First, our J = 30 clusters conditions
were problematic for the number of parameters estimated in the current model (i.e., with five
indicators per factor) which caused estimation problems; in the future we will likely decrease the
number of indicators per factor to three instead of five. Second, we used a fairly high Level 1
factor reliability level and did not vary this as a condition; the natural next step is to use the same
levels as our Level 2 reliability conditions and to fully cross Level 1 and Level 2 reliabilities. A
third major limitation is that we used only one intraclass correlation level (.20). In future work
we will be sure to include lower and higher levels. Fourth, in the spirit of using a scenario similar
to other methodological research, we used a 2-factor model for this study; however, we believe
that the pattern of results should also be tested with single-factor models to better disentangle the
number of factors from the factor reliabilities. Last, we used a tau-equivalent measurement
model at Level 1 and Level 2 (i.e., loadings of equal value in each factor), which is unrealistic in
real-world settings. Nevertheless, we do not believe using a random selection of loadings that
culminate in the same reliability levels will meaningfully change the pattern of results observed.

Despite the limitations, the present study does offer insight into the effects of different
item-factor relations at Level 1 (the individual level) and Level 2 (the aggregate cluster level) on
CFA models that ignore the multilevel nature of the data. Although the loading estimates were

unaffected, loading standard errors were seriously biased when the Level 2 factor reliabilities
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were weaker than those of Level 1, which will naturally lead to overly liberal hypothesis tests as
well as undercoverage for loading estimate 95% confidence intervals. But perhaps the most
important result we found was that the overall factor reliabilities can be seriously affected: in the
case of (true) lower Level 2 factor reliabilities relative to (true) Level 1 factor reliabilities,
researchers who use unilevel CFA on clustered data will come away from their analysis

believing their measure has lower individual-level reliability than it really does.
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Table 1

Mean Level 1 Loading Parameter Estimate Relative Bias across Conditions, by Analysis Type

Multilevel CFA Unilevel CFA
(Correct Model) (Incorrect Model)
L2F L2F L2F L2F L2F L2F
Sample Reliab Reliab Reliab  Reliab Reliab Reliab
Sizes =5 =7 =09 =5 =7 =9
J=30
M=10 0.00 0.00 0.00 0.00 0.01 0.03
M=30 0.00 0.00 0.00 0.01 0.01 0.03
M=100 0.00 0.00 0.00 0.01 0.01 0.03
J=100
M=30 0.00 0.00 0.00 0.01 0.01 0.03
M=100 0.00 0.00 0.00 0.01 0.01 0.03
M=300 0.00 0.00 0.00 0.01 0.02 0.03

Note. N = 1,000 replications per cell. Values closer to 0 are better; values greater than 0+.05 are of concern.




PROBLEMS WITH IGNORING CLUSTERING IN CFA

Table 2

Mean Level 1 Loading Standard Error Empirical Bias across Conditions, by Analysis Type

Multilevel CFA Unilevel CFA
(Correct Model) (Incorrect Model)

L2F L2F L2F L2F L2F L2F

Sample Reliab Reliab Reliab  Reliab Reliab Reliab
Sizes =5 =7 =09 =5 =7 =9
J=30 1.00  1.00 1.00 072 0.77 0.83
M=10 099 099 0098 0.89 092 094
M=30 1.00  1.00 1.00 0.74 0.80 0.85
M=100 1.01 1.01 1.01 0.53 0.61 0.70
J=100 1.01 1.01 1.01 0.54 0.60 0.68
M=30 1.00  1.00 1.00 0.75 0.80 0.86
M=100 1.01 1.01 1.01 0.53  0.60 0.69
M=300 1.01 1.01 1.01 034 039 048

Note. N = 1,000 replications per cell. Values closer to 1 are better; values greater than 1+.10 are of concern.




PROBLEMS WITH IGNORING CLUSTERING IN CFA

Table 3

Mean Estimated Level 1 Factor Reliability across Conditions, by Analysis Type

Multilevel CFA Unilevel CFA
(Correct Model) (Incorrect Model)
L2F L2F L2F L2F L2F L2F
Sample Reliab Reliab Reliab  Reliab Reliab Reliab
Sizes =5 =7 =09 =5 =7 =9
J=30
M=10 090 090 0.90 0.85 0.86 0.88
M=30 090 090 0.90 0.85 0.86 0.88
M=100 090 090 0.90 0.85 0.86 0.88
J=100
M=30 090 090 0.90 0.85 0.86 0.88
M=100 090 090 0.90 0.85 0.86 0.88

M=300 090 090 0.90 0.85 0.86 0.88
Note. N = 1,000 replications per cell. Values closer to 0.90 are better.




PROBLEMS WITH IGNORING CLUSTERING IN CFA

Figure 1

Path Diagram for Example Unilevel 2-Factor CFA
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PROBLEMS WITH IGNORING CLUSTERING IN CFA

Figure 2

Path Diagram for Example Multilevel 2-Factor CFA
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PROBLEMS WITH IGNORING CLUSTERING IN CFA

Figure 3

28

Hllustration of Mean Level 1 Loading Estimate Relative Bias by J:m ratio and Analysis Type

Level 1 Slope Coefficient Relative Bias

J_m_ratio: 0.3

J_m_ratio: 1

J_m_ratio: 3/3.3

0.104

0.051

o
o
=]

-0.05

-0.10+

(1]

0.10

0.05

o
o
o

-0.057

-0.10

00} 1

Analysis

— MLM
— Unilevel

05 06 0.7 0.8 0.9

0.5 0.6 0.7 0.8

Level 2 True Factor Reliability

0.9

0.5 0.6 0.7 0.8 0.9
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Figure 4
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Hllustration of Mean Level 1 Loading Standard Error Empirical Bias by J:m ratio and Analysis Type
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Figure 5

Hllustration of Mean Level 1 Estimated Factor Reliability by J:m ratio and Analysis Type
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