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The three-level multivariate multilevel model (MVMM) is a multivariate 

extension of the conventional univariate two-level hierarchical linear model (HLM) and 

is used for estimating and testing the effects of explanatory variables on a set of 

correlated continuous outcome measures. Two simulation studies were conducted to 

investigate the sample size requirements for restricted maximum likelihood (REML) 

estimation of three-level MVMMs, the effects of sample sizes and other design 

characteristics on estimation, and the performance of the MVMMs compared to 

corresponding two-level HLMs. The model for the first study was a random-intercept 

MVMM, and the model for the second study was a fully-conditional MVMM. Study 

conditions included number of clusters, cluster size, intraclass correlation coefficient, 

number of outcomes, and correlations between pairs of outcomes. The accuracy and 

precision of estimates were assessed with parameter bias, relative parameter bias, relative 

standard error bias, and 95% confidence interval coverage. Empirical power and type I 

error rates were also calculated. Implications of the results for applied researchers and 

suggestions for future methodological studies are discussed.  
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Chapter 1: Introduction 

In any statistical analysis, the issue of sufficient sample size for both accurate 

parameter estimation and adequate statistical power is of critical importance. If sample 

sizes are too small, parameter estimates may be biased and the statistical test may lack 

sufficient power to detect an effect if one exists in the population. Consequently, applied 

researchers must be cognizant of the minimum sample size needed in order to draw valid 

inferences from their data.  

When data are collected from individuals nested in clusters, such as students 

nested in schools, they are often analyzed with multilevel regression models, also known 

as hierarchical linear models (HLMs; Raudenbush & Bryk, 2002). In this case, 

researchers have two levels of sample sizes to consider−the number of clusters at the 

upper level and the size of each cluster at the lower level. Small sample sizes at the 

different levels of the data are of particular concern when maximum likelihood estimation 

is used to estimate multilevel parameters and standard errors because the optimal 

properties associated with the maximum likelihood procedure apply to scenarios with 

large sample sizes.  

The question of how many clusters and how many individuals per cluster should 

be sampled to obtain accurate maximum likelihood estimates from a conventional two-

level univariate HLM has been addressed in a number of methodological studies (e.g., 

Afshartous, 1995; Mok, 1995; Maas & Hox, 2004, 2005). The issue of which of the two 

types of sample sizes plays a more prominent role in power and type I error rates has also 

been investigated (e.g., Raudenbush & Liu, 2000; Snjiders & Bosker, 1993). A summary 
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of the body of literature concerning sample size requirements for the two-level univariate 

model is provided in Chapter 2. 

While extensive sample size studies have been conducted on the univariate HLM, 

little is known about sample size requirements for the multivariate counterpart, known as 

the multivariate multilevel model (MVMM). Park, Pituch, Kim, Chung, and Dodd (2014) 

conducted a simulation study involving a two-level MVMM, in which outcomes are 

nested within individuals. However, to date, no methodological studies have been found 

on estimation of a three-level MVMM, in which outcomes are nested within individuals 

nested within clusters. 

In this dissertation, two simulation studies were conducted to extend research on 

the two-level univariate HLM to the three-level MVMM with respect to sample sizes. 

The two studies differed in terms of the complexity of the three-level MVMMs used to 

generate and estimate the simulated data, with the model in the first study having fewer 

parameters than the model in the second study. However, the conditions and the analyses 

were similar across the two studies. Both studies manipulated the same five factors: the 

number of outcome measures, the conditional correlations between pairs of outcomes, 

number of clusters, cluster size, and residual intraclass correlations. These factors were 

fully crossed for a total of 48 conditions in each study.  

The performance of the three-level MVMMs under the various conditions was 

assessed using six measures: parameter bias, relative parameter bias, relative standard 

error bias, 95% confidence interval coverage, empirical power rates, and empirical type I 

error rates. The effects of the study conditions on these measures were evaluated using 
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analysis of variance (ANOVA) and logistic regression. Two-level univariate HLMs were 

also fit to the simulated data and the results compared to those from the three-level 

MVMMS. 

To help inform the design of the simulation studies, MVMM analyses of data 

from the Early Childhood Longitudinal Study, Kindergarten Class of 1998-99 (ECLS-K) 

were performed prior to the simulations in order to obtain reasonable values for the 

model parameters. Corresponding univariate HLM analyses were also conducted to 

demonstrate possible differences in estimates between the multivariate and univariate 

approaches. 

Chapter 3 provides a detailed description of the analyses of and results from the 

ECLS-K data as well as the methodology for the simulation studies. Results from the 

simulation studies are provided in Chapter 4 and discussed in Chapter 5. 
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Chapter 2: Literature Review 

This chapter provides the literature review and rationale for the current study 

evaluating the impact of small sample sizes when estimating multivariate multilevel 

regression models with maximum likelihood estimation. The first half of this chapter 

provides an overview of traditional two-level univariate models and findings from 

methodological studies on sample size requirements for these models under maximum 

likelihood estimation. The second half presents the multivariate multilevel model and the 

intended contribution of the current study to the existing body of work.  

Multilevel Regression Model 
 

In applied educational and health research, data are often collected from persons 

who are nested within clusters (e.g., students nested within classrooms, patients nested 

within clinics) by way of multistage sampling. Multistage sampling begins with random 

sampling of clusters (e.g., classrooms) followed by random sampling of units within each 

cluster (e.g., students). This type of sampling is more cost-efficient than simple random 

sampling; however, the resulting hierarchical data structure violates the assumption of 

independence made with many traditional statistical estimation techniques, such as 

ordinary least squares (OLS) regression (Snijders & Bosker, 2012). 

Suppose that scores on the Scholastic Aptitude Test (SAT) and high school GPA 

are collected from a random sample of students within a random sample of classrooms. 

The traditional simple linear regression model for this data can be expressed as follows: 

                                                                (2.1) 
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where    and    are the SAT score and GPA, respectively, for student i. The intercept,   , 

is the expected SAT score when     . If a value of zero on    is not meaningful, as is 

the case here, then the variable should be centered. The issue of centering will be 

addressed later in this chapter. The slope,   , is the expected increase in SAT score for 

every one unit increase in GPA. Lastly,    is the residual or error term for student i. The 

residuals are assumed to be normally distributed with an expected mean of zero and 

constant variance. In addition, the correlation between the residuals of any two students is 

assumed to be zero. This assumption is known as the independence assumption. 

With clustered data, such as data from students within classrooms, this 

assumption of independence is violated because individual observations within a cluster 

tend to be more correlated with one another than observations across clusters. A 

traditional way of handling this dependency is to aggregate the individual observations 

and analyze cluster means (e.g., the mean GPA of students in the same classroom). 

However, if individual data are aggregated so that clusters become the unit of analysis, 

information is lost and the study may lose statistical power (Hox, 2010). In addition, the 

researcher may commit an ecological fallacy (Robinson, 1950) by erroneously drawing 

conclusions about individuals based on aggregated data (Hox, 2010; Snijders & Bosker, 

2012). 

Conversely, analyzing clustered data purely at the individual level, without 

adjusting for this dependency, can produce standard errors that are too small and, as a 

result, lead to inflated type I error rates  (Raudenbush & Bryk, 2002). In this case, a 

correction for the standard error may be obtained using the design effect, which Kish 
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(1965) defined as the ratio of the observed sampling variance from the clustered data to 

the variance from a simple random sample with the same total sample size. The design 

effect adjusts the sample size obtained from multistage sampling to an equivalent sample 

size from simple random sampling, known as the effective sample size (Snijders & 

Bosker, 2012). The effective sample size, rather than the actual sample size, is then used 

to calculate the standard error. However, even with a corrected standard error, the 

researcher may commit an atomistic fallacy by forming conclusions about clusters based 

on individual observations (Hox, 2010). 

The preferred approach to handling clustered data, one that includes both 

individuals and clusters in the analysis, is through the use of multilevel regression 

models, also known as hierarchical linear models (HLM; Raudenbush & Bryk, 2002). 

Conventional HLMs take into account the inter-dependence among observations by 

partitioning the total variance in a single continuous outcome into the components 

associated with each of the different levels in the data.  In a simple HLM, one with two 

levels, the within-cluster or individual variance is partitioned into the component at the 

lower level (level-1) and the between-cluster variance at the upper level (level-2). 

Unconditional and conditional formulations of two-level HLMs are presented below. 

Unconditional two-level HLM. An unconditional two-level HLM contains a 

single continuous outcome variable (e.g. SAT) but no explanatory variables. This model 

is equivalent to a one-way analysis of variance (ANOVA) with random effects 

(Raudenbush & Bryk, 2002). The level-1 equation for an unconditional two-level HLM 
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with students nested in classrooms, using the notation from Raudenbush and Bryk (2002), 

is 

            ,                                                  (2.2) 

where     is the outcome score for student i in classroom j, and the intercept,    , is the 

mean outcome for the jth classroom. The level-1 residual,    , represents the random 

effect associated with student i and is assumed to be normally distributed with a mean of 

0 and a constant variance   . 

 The intercept in the level-1 equation becomes the outcome variable in the level-2 

equation, as follows: 

                                                               (2.3) 

The level-2 intercept,    , represents the overall average on the outcome. The 

level-2 residual,    , indicates that     is allowed to vary randomly across classrooms. It 

represents the random effect associated with classroom j and is assumed to be normally 

distributed with a mean of 0 and variance    . The unconditional variances of the level-1 

and level-2 random effects can be used to calculate the proportion of the total outcome 

variance that is due to differences between classrooms, as follows:  

00

2
00

,



 




                             (2.4) 

The parameter   is known as the intraclass correlation coefficient (ICC) and is a measure 

of the degree of correlation or dependency among observations belonging to the same 

cluster.  Furthermore, if the variances are significantly greater than zero, then explanatory 
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variables can be added to the unconditional model to explain the variability in the 

outcome, as described below.    

 Conditional two-level HLM. The conditional two-level HLM includes 

explanatory variables at either or both levels of the model. The explanatory variables 

could be student GPA at level-1 and, at level-2, a Treatment variable coded with a one for 

classrooms assigned to the treatment condition and with a zero for the control condition. 

In the conditional HLMs that follow, three types of models will be described in order of 

model complexity. These are the random-intercept model, the random-coefficients model, 

and the full model. 

Random-intercept model. The random-intercept model is conditional at level-1 

but unconditional at level-2. The level-1 equation with GPA as an explanatory variable is 

                         (2.5) 

where     is the GPA for student i in classroom j, and the slope,    , represents the 

expected increase in     (SAT score) for every one unit increase in GPA.  

The interpretation of the intercept,    , depends on the “location” (Raudenbush & 

Bryk, 2002) of    . If a value of zero on     is meaningful, then the variable can be left in 

its natural metric and     interpreted as the expected SAT score when      . In this 

example,     does not have a meaningful zero point and, therefore, should be either 

group-mean centered (        ) or grand-mean centered (        ). According to Enders 

and Tofighi (2007), the choice between group-mean and grand-mean centering should be 

based on the research question of interest. Because the explanatory variable of interest in 
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this model is at level-1, X is group-mean centered. The intercept,    , now represents the 

expected SAT score when     is equal to the mean GPA for the jth classroom. 

The unconditional level-2 equation with the level-1 regression coefficients as 

outcome variables could be as follows: 

 
           

       
  ,                                          (2.6) 

where     represents the average GPA-SAT slope across classrooms. In Equation 2.6, the 

single random effect,    , indicates that the level-1 intercept,    , is allowed to vary 

across classrooms while the level-1 slope,    , is modeled as fixed. Hence, this model is 

known as a random intercept model or a one-way univariate analysis of covariance 

(ANCOVA) model with random effects (Raudenbush & Bryk, 2002). The random-

intercept model can be expressed as a single equation by substituting the level-2 equation 

(Equation 2.6) into the level-1 equation (Equation 2.5): 

                                                  (2.7) 

 Random-coefficients model. Like the random-intercept model, the random-

coefficients model is conditional at level-1 and unconditional at level-2. However, it 

contains both a random intercept and a random slope. In other words, both the level-1 

intercept and slope are allowed to vary across clusters. Assuming the level-1 equation 

here is the same as the level-1 equation from the random-intercept model (Equation 2.5), 

the level-2 equation is now 

 
           
           

  ,                                           (2.8) 
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 where     and     are assumed to be normally distributed with a mean of 0, variances 

    and    , respectively, and covariance    . The single-equation expression for this 

random-coefficients model is 

                                                        (2.9) 

 Fully conditional model. A fully conditional or full model is conditional at both 

level-1 and level-2, with random intercepts and slopes. Again, the level-1 equation is 

assumed to be the same as Equation 2.5, reproduced below: 

                     

The level-2 equation with Treatment as the explanatory variable, Z, is: 

 
                 
                 

  .                                     (2.10) 

The coefficients     and     represent the mean difference in SAT scores and GPA-SAT 

slopes, respectively, between treatment and control classrooms. 

Recall that the level-1 variable,    , was group-mean centered in the random-

intercept model to establish a meaningful zero point. However, in the full model, if one 

were primarily interested in the effect of the level-2 explanatory variable on the outcome, 

controlling for the effect of the level-1 explanatory variable, then     should be grand-

mean centered (Enders & Tofighi, 2007). The level-1 intercept,    , now represents the 

expected SAT score when     is equal to the overall mean GPA across classrooms.  

The single equation for this full model is 

                                                (2.11) 
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In Equation 2.11,     and     are the main effects of Treatment and GPA, respectively, 

while     is a cross-level interaction effect term in which the effect of GPA is moderated 

by Treatment. These  s are collectively known as fixed effects.  

 The intraclass correlation coefficient (ICC) for the conditional models is 

calculated in the same manner as the ICC for the unconditional model (Equation 2.4). 

The residual or conditional ICC, however, represents the unexplained correlation between 

the outcome scores of two students in the same classroom after controlling for all 

explanatory variables in the model (Snijders & Bosker, 2012). 

Estimates of the fixed effects ( s), variances (          ), and covariance (   ) 

can be obtained via a number of methods, of which the most commonly used is maximum 

likelihood estimation (Hox, 2010; Snijders & Bosker, 2012). The following section 

provides a general overview of this estimation technique. For a technical treatment see, 

for example, Raudenbush and Bryk (2002). 

Maximum Likelihood Estimation 
 

A number of parameter estimation methods are available for use with multilevel 

modeling, such as generalized least squares (GLS), generalized estimating equations 

(GEE), maximum likelihood (ML), and Bayesian estimation (Hox, 2010). Of these, 

maximum likelihood has been the dominant statistical technique for estimating multilevel 

parameters.  

Maximum likelihood estimation begins with a mathematical expression, known as 

a likelihood function, that defines the probability of observing the sample data as a 

function of the parameters. Then, it utilizes an iterative algorithm to determine the 
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parameter estimates that maximize the likelihood function or, more practically, the 

logarithm of the likelihood function (Singer & Willett, 2003). Algorithms that have been 

used to compute maximum likelihood estimates include expectation-maximization (EM), 

Fisher scoring, Newton-Raphson, iterative generalized least squares (IGLS), and 

restricted IGLS (RIGLS).  In addition, two types of likelihood functions can be used, 

including full information maximum likelihood (FIML) and restricted maximum 

likelihood (REML).  

The primary difference between FIML and REML is that FIML includes the set 

of fixed effects and variance components in the likelihood function while REML obtains 

maximum likelihood estimates of just the variance components. In REML, the fixed 

effects are estimated separately using other methods, such as generalized least squares 

estimation (Raudenbush & Bryk, 2002). According to simulation studies by Busing 

(1993) and van der Leeden and Busing (1994) (as cited in Kreft & de Leeuw, 1998), 

REML estimates of the variance components are less biased than FIML estimates, 

although in practice these differences may be very small (Hox, 2010). FIML, however, 

does offer some advantages. For instance, if one wishes to compare the fit of two models, 

the FIML approach allows comparison between models that differ with respect to either 

fixed effects or variance components. With REML, the models can differ only in terms of 

the variance components (Hox, 2010). According to Dedrick, et al. (2009), Kreft and de 

Leeuw (1998), and Singer and Willett (2003), there is no simple unilateral 

recommendation for one approach over the other.  
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The underlying assumptions of maximum likelihood estimation, whether FIML or 

REML, are that the sample size is sufficiently large and the level-1 and level-2 residuals 

are normally distributed as well as independent of each other (Hox, 1998; Singer & 

Willett, 2003; van der Leeden & Busing, 1997). Under these assumptions, the parameter 

estimates are consistent as well as asymptotically unbiased and efficient (Raudenbush & 

Bryk, 2002). In other words, the estimates will approach their true values with minimum 

variance across samples as sample size increases. In addition, the sampling distribution of 

the fixed effect estimates is assumed approximately normal as sample size increases 

(Raudenbush & Bryk, 2002), which facilitates statistical significance testing by way of 

the commonly used Wald test (Hox, 2010). 

While these properties of maximum likelihood estimation are desirable, the 

assumption of a large sample size may not be met in practice. For instance, Dedrick, et al. 

(2009) analyzed the characteristics of a sample of 99 applied multilevel studies published 

between 1999 and 2003 and found that the number of clusters ranged from 8 to 5,348 

while the average cluster size ranged from 2 to 235. Similarly, out of 79 studies published 

between 2000 and 2010, Mathieu, Aguinis, Culpepper, and Chen (2012) found that the 

number of clusters ranged from 12 to 708, with a median of 51, and the average cluster 

size ranged from 2 to 291, with a median of 5.   

Statistical inferences and parameter estimates based on either full or restricted 

maximum likelihood estimation may be questionable when the number of clusters and/or 

cluster size is small. For this reason, a body of literature has developed concerning 
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sufficient sample sizes for multilevel regression models under maximum likelihood 

estimation.  

Sample Size Requirements for Two-Level Univariate HLMs 

Existing methodological research on the performance of multilevel regression 

models under various sample size conditions has primarily been limited to two-level 

HLMs for a single continuous outcome, such as the models contained in Equations 2.7, 

2.9, and 2.11. These studies have been conducted mostly under cross-sectional designs 

and, minimally, under repeated measures designs.  A few studies have also investigated 

sample sizes for multilevel models with discrete outcomes.  

The present review of relevant research covers the influence of sample size on 

maximum likelihood estimation accuracy, power, and type I error rates of two-level 

univariate HLMs with continuous outcomes, beginning with findings from balanced 

designs, followed by a section on the effects of unbalanced sample sizes. Because the 

current study is focused on models for continuous outcomes only, results from studies 

with discrete outcomes (for example, Chen, 2007; Moineddin, Matheson, & Glazier, 

2007; Paccagnella, 2011; Timberlake, 2011), have been excluded from this summary.  

Sample size and accuracy. Past research on the accuracy of parameter estimates 

and their associated standard errors across a range of sample sizes have employed 

simulations that varied the number of clusters (c) and the size of each cluster (  ). Across 

these studies, the number of clusters investigated ranged from as low as 4 to as high as 

1,000, while cluster sizes fell within the range of 1 to 1,000, with the majority of these 

studies employing a balanced sample size design. 
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A general guideline that has emerged from these studies is that sampling more 

clusters, rather than more individuals per cluster, offers larger gains in terms of the 

accuracy of fixed effects, variance components, and their standard errors (e.g., Kim, 

1990; Maas & Hox, 2005; Mok, 1995). For instance, Mok (1995) found that conditions in 

which cluster size was larger than the number of clusters (e.g.,    = 50 and c = 10) tended 

to produce more biased estimates of fixed effects than when the direction was reversed 

(e.g.,    = 10 and c = 50). Similarly, Kim (1990) found more biased parameter estimates 

with 50 clusters of size 40 than with 100 clusters of size 10.  

Given the importance of the number of clusters, the question, then, is how many 

clusters are needed to obtain accurate estimates. Results on the acceptable minimum for 

fixed effects, variance components, and their associated standard errors are presented 

below.  

Fixed effects.  Studies using random-intercept and random-coefficients models 

with a single explanatory variable at level-1 as well as models with one explanatory 

variable at each of the levels have shown that 10 to12 clusters, paired with cluster sizes 

ranging from 5 to 20, are sufficient to produce accurate point estimates of fixed effects 

under both FIML and REML estimation (Browne & Draper, 2000; Maas & Hox, 2004, 

2005; McNeish & Stapleton, 2013). For instance, with a full model, Maas and Hox 

(2004, 2005) found negligible relative parameter bias with 10 clusters of size 5 for both 

main effects and the cross-level interaction effect. Van der Leeden and Busing (1994), in 

an unpublished study, also found unbiased estimates across sample size conditions of 5 to 

300 clusters, according to Kreft and de Leeuw (1998); however, Kreft and de Leeuw did 
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not specify the type of two-level model that was investigated in the study. For a model 

with five main effects, two cross-level interactions, and three level-2 variance 

components (two variances and one covariance), Afshartous (1995) found unbiased 

FIML estimates of the fixed effects with their smallest level-2 sample size condition of 

40 clusters.  

Standard errors of fixed effects. In contrast to the point estimates of the fixed 

effects, at least 30 clusters may be needed for accurate estimates of the standard errors, as 

assessed by empirical coverage of the 95% confidence interval (Maas & Hox, 2004, 

2005; McNeish & Stapleton, 2013). For instance, with a full model, Maas and Hox 

(2005) concluded that standard errors were underestimated with 10 clusters but 

acceptable with 30, as observed coverage rates from 10 clusters reached as low as 90.3%, 

while the worst coverage rate for conditions with 30 clusters was 93.6%. Note that given 

that fixed effect estimates tended to be unbiased, the poor performance of confidence 

interval coverage was reasonably associated with poor standard error estimates.  

Variance components. In general, a greater number of clusters are needed for 

accurate point estimates of variance components (particularly for level-2 residuals’ 

variances) than are needed for reasonable fixed effect estimates. However, results for 

variance components have been more mixed, with a much wider range of recommended 

sample sizes than for fixed effects. 

For the level-1 residuals’ variance component, FIML and REML point estimates 

from random-intercept, random-coefficient, and full models were fairly unbiased for 

sample size combinations (c/  ) of 5/20 (McNeish & Stapleton, 2013), 12/18 (Browne & 
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Draper, 2000), and 10/5 (Maas & Hox, 2004, 2005), suggesting that they may be 

unaffected by a small number of clusters. However, Clarke and Wheaton (2007) 

concluded that at least 100 clusters of size 5 were needed for acceptable estimates. The 

discrepancy between the studies by Clarke and Wheaton (2007) and Maas and Hox 

(2004, 2005), all of which used full models and REML estimation, may be attributed to 

the application of different measures of bias. While Maas and Hox (2004, 2005) used 

relative parameter bias, Clarke and Wheaton (2007) conducted one-sample t-tests testing 

the null hypothesis that bias is 1.0 , with bias defined as the parameter estimate divided 

by the true value, and an alpha level of 0.001. I reanalyzed Clarke and Wheaton’s (2007) 

level-1 variance estimates from the condition with 50 clusters of size 5 in terms of 

relative parameter bias and obtained values less than the upper limit of 0.05 

recommended by Hoogland and Boomsma (1998). This indicates that Clarke and 

Wheaton’s recommendation may be overstated.  

Level-2 variance components appear to be more sensitive to sample size, as FIML 

and REML point estimates from random-intercept, random-coefficient, and full models 

were biased with around 10 clusters (Browne & Draper, 2000; Maas & Hox, 2004; Maas 

& Hox, 2005; McNeish & Stapleton, 2013). Increasing the cluster size to 30 may be 

sufficient to correct this bias, according to Maas and Hox (2004, 2005) and McNeish and 

Stapleton (2013). However, other studies have been less favorable. For instance, results 

from Afshartous (1995) suggest that researchers may, in fact, need to sample more than 

100 clusters in order to obtain accurate FIML estimates of the level-2 variance 

components. This finding is congruent with the FIML and REML results obtained from 
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Busing (1993) and van der Leeden and Busing (1994), as unbiased estimates were 

obtained only for the largest level-2 sample size condition of 300 clusters (as cited in 

Kreft and de Leeuw, 1998) . Again, the model in Afshartous (1995) was more complex 

than the full model contained in Equation 2.11, as it had five main effects, two cross-level 

interactions, and three level-2 variance components (two variances and one covariance). 

The models from the other two studies, however, are unknown, as these studies are 

unpublished.  

Standard errors of variance components. The minimum sample size 

requirements for unbiased estimates of the standard errors of the variance components are 

generally higher than for the variance components themselves, paralleling the findings for 

fixed effects and their associated standard errors. A note of caution here is that the 

conclusions presented below about the standard error estimates of variance components, 

like those for fixed effects, are based on empirical coverage of the 95% confidence 

interval. However, the width of the confidence interval is impacted by both parameter 

and standard error estimates. In addition, the conventional confidence interval assumes 

that parameter estimates are approximately normally distributed, which is not the case for 

variance components (Snijders & Bosker, 2012). 

At level-1 of a fully conditional model, Maas and Hox (2004, 2005) found that 

coverage of the 95% confidence interval for the standard errors of the variance 

component was insufficient with 10 clusters of size 5 and concluded that the standard 

errors were underestimated. However, as noted above, variances are not normally 

distributed, so the low coverage rates could be due to the skewed distribution of the 
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standard errors rather than to biased estimates. With 30 or more clusters, empirical 

confidence interval coverage was close to the 95% nominal value. At level-2 for the same 

model, fewer than 50 clusters produced substantially biased estimates of the standard 

errors of the variance components, as coverage of the nominal 95% confidence interval 

was about 91% with 30 clusters (Maas & Hox 2004, 2005). To achieve accurate estimates 

of the standard errors of level-2 variance components, Maas and Hox (2005) and 

McNeish and Stapleton (2013) recommend at least 100 clusters.  

Rules of thumb. Results from the various simulation studies, although somewhat 

inconsistent, have led some researchers to propose rules of thumb for sample sizes at 

level-1 and level-2. Kreft (1996) suggested a minimum of 30 clusters with 30 individuals 

in each cluster in order to obtain accurate estimates and standard errors (as cited in Hox, 

2010). However, some researchers regard this ‘30/30’ rule to be limited in its 

applicability. While Hox (1998, 2010) agrees that the 30/30 rule seems reasonable if 

researchers were interested only in estimating main effects, they recommend 50 clusters 

of size 20 (50/20 rule) for estimating models that include cross-level interaction terms 

and 100 clusters of size 10 (100/10 rule) for reasonable recovery of level-2 variance 

components.  

Sample size and power. In the context of multilevel power analysis, Mathieu, 

Aguinis, Culpepper, and Chen (2012) caution against relying on rules of thumb for 

sample sizes “because there are complex and interactive relationships among the factors 

that affect power” (p. 12). For instance, Scherbaum and Ferreter (2009) illustrated that, 

for 30 clusters of size 30, the power to detect the effect of a cluster-level predictor 
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exceeded 0.80 with an effect size of 0.50 or larger. However, the same sample sizes did 

not yield adequate power when the effect size was less than 0.50. Likewise, Mathieu, 

Aguinis, Culpepper, and Chen (2012) showed that the power to detect a cross-level 

interaction of size 0.75 with 60 clusters was greater than the power to detect an 

interaction of size 0.45 with 115 clusters, although neither of these cases exceeded a 

power of 0.40.  

These studies demonstrate the complex nature of a priori power analysis due, in 

part, to the influence of effect size. This influence is far from surprising, as it is not 

unique to multilevel designs. However, when the data structure is hierarchical, 

researchers must also contend with other factors such as sample sizes, variance 

components, and model complexity at level-1 and level-2. For instance, the inclusion of 

an explanatory variable at level-1 may change the values of the level-1 and level-2 

variance components compared to a model with no level-1 explanatory variable, which in 

turn may change sample size requirements for the power to detect the effect of a level-2 

variable (Raudenbush, 1997; Raudenbush & Bryk, 2002). These particular challenges 

associated with multilevel sample size determination are reflected in the formulas for 

computing power. One such formula is presented below.  

According to Snijders (2005), the standard error of the effect of a level-2 

explanatory variable (  ) in a two-level HLM can be calculated as follows: 

2
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where    is the level-1 variance,     is the variance of the level-1 intercept across level-2 

units, and    
  is the variance of the    predictor. The standard error of    is then applied to 

the following, approximate power formula: 

1 1
effect size

,
SE( )

Z Z 


                                          (2.13) 

where      is the one-tailed standard normal z score at 1 minus the significance () level 

and      is the z score at the desired level of statistical power (Snijders & Bosker, 2012, 

p. 178).  

One consequence of the interrelationship among the various determinants of 

power, as expressed in Equations 2.12 and 2.13, is that different combinations of level-1 

and level-2 sample sizes can yield very similar power values (Hox, 2010). Therefore, 

rather than providing an overview of the minimum sample sizes needed to achieve 

adequate power, this section focuses instead on what simulations and analytic studies 

have uncovered about the relative influence of c and    on the power to detect fixed and 

random effects in two-level designs. The discussion is limited to findings in which the 

costs of data collection are not a factor in the analysis. For more on optimal sample sizes–

that is, sample sizes that minimize standard errors under budgetary constraints–see Cohen 

(1998), Moerbeek, van Breukelen, and Berger (2000), Raudenbush (1997), Raudenbush 

and Liu (2000), and Snijders and Bosker (1993).  

Power for testing fixed effects. Analytic power calculations for the main effects 

of level-1 and level-2 explanatory variables show that the number of clusters has more 

influence on statistical power than cluster size. For the power to detect the effect of a 
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treatment randomized at level-1, Raudenbush and Liu (2000) illustrated that power close 

to 1.0 can be obtained with 20 clusters of size 20, whereas power remained under 0.80 

with 4 clusters of size 400, given an effect size of 0.20 and slope variances ranging from 

0.05 to 0.15. In addition, the influence of cluster size on power decreases as the slope 

variance increases.  

For the effect of a level-2 explanatory variable, Snijders and Bosker (1993) 

demonstrated that, given a total sample size of 1,000, increasing cluster size from 20 to 

100 while decreasing the number of clusters resulted in an increase in the standard error 

of the effect estimate. An increase in standard error translates to a decrease in power, as 

specified in Equation 2.13. Therefore, Snijders and Bosker (1993) maintain that a large 

number of clusters is more effective at achieving acceptable standard errors, and 

therefore adequate power, than a large number of individuals per cluster. Similarly, in a 

two-level repeated measures design with measurement occasions nested within 

individuals, Raudenbush and Liu (2001) demonstrated analytically that increasing the 

number of clusters (in this case, the number of individuals) has a greater effect on the 

power to detect a level-2 explanatory variable than increasing the cluster size (in this 

case, the number of measurements per individual). 

 A simulation study by Bassiri (1988) also reached similar conclusions. For an 

effect size of 0.31, the power to detect the effect of a level-2 explanatory variable 

remained, on average, under 0.50 when cluster size was increased from 5 to 60 while the 

number of clusters was held constant at 10. On the other hand, mean power exceeded 

0.50 when the number of clusters was increased from 10 to 30 with cluster size fixed at 5.  
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Results for cross-level interactions, however, have been less consistent than for 

main effects. Snijders and Bosker’s (1993) analytic results for the cross-level interaction 

were similar to that for the main effect–namely, for a constant total sample size, the 

standard error increased as the number of clusters decreased, although the loss in power 

was not as drastic for the cross-level interaction as for the main effect. On the other hand, 

Mathieu, Aguinis, Culpepper, and Chen (2012) found, under simulated conditions, that 

the power to detect cross-level interactions is increased more effectively by increasing 

cluster size, as 20 clusters with an average size of 18 yielded power greater than 0.50, 

while power was less than 0.40 with 115 clusters of size 7. Mathieu, Aguinis, Culpepper, 

and Chen (2012) noted that their results are “contrary to conventional wisdom” (p. 9) and 

recommended that further research be conducted on cross-level interactions. 

Power for testing variance components. Analytic and simulation studies on the 

power of the tests of variance components have also yielded conflicting results. For the 

slope variance, Raudenbush and Liu’s (2000) calculations showed that power approached 

0.80 more rapidly with increasing cluster size than with an increasing number of clusters, 

especially for small (0.05) and medium (0.10) variances. This indicates that cluster size 

has a larger impact on power than the number of clusters. In contrast, Cools, van den 

Noortgate, and Onghena’s (2009) simulation study suggests the opposite to be the case 

for the covariance between a random intercept and random slope, as power was 0.84 with 

100 clusters of size 100 and only 0.27 with 10 clusters of size 1,000. 

Sample size and type I error rate. The effect of sample size on type I error rates 

has received much less attention in the literature than parameter estimation and statistical 
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power, and the findings that are available are obtained from simulation studies. Bassiri 

(1988) concluded that tests of fixed effects are generally robust with c = 10 to 150 and    

= 5 to 150. Tests of variance components also appear to be robust across a wide range of 

sample sizes (c = 50 to 500;    = 5 to 75) (Bell, Ferron, & Kromrey, 2008). In cases 

where type I errors were inflated (around 9%), Bassiri (1988) was unable to ascertain any 

pattern in the results that would indicate whether it was the number of clusters or the 

cluster size that had the predominant influence on the empirical alpha levels. This 

suggests that sample size may have a less discernible impact on type I error rates than on 

parameter estimates and power. However, the study by Cools, van den Noortgate, and 

Onghena (2009) clearly show that type I error rates for tests of the slope variance, the 

effect of a level-2 explanatory variable, and cross-level interaction were consistently 

higher with 10 clusters (empirical alpha = 0.075 to 0.09) than with 100 clusters (empirical 

alpha = 0.05).  

Sample size and imbalance. The results on accuracy, power, and type I error 

rates discussed above pertain to designs that assume equal cluster sizes (or equal average 

cluster sizes) and, in the case of experimental studies, the same number of clusters across 

treatment and control groups. It is common in applied research, however, for sample sizes 

to be unbalanced. The imbalance may occur either by design or as a result of attrition, the 

natural structure of the data, or cost considerations (Konstantopoulos, 2010). For 

example, studies investigating the effect of class size reduction on student achievement 

have a conceptually unbalanced design in which classroom sizes differ between the 

treatment and the control groups (see Nye, Hedges, & Konstantopoulos, 2000).  



 

25 

 

A number of simulations and analytic studies have explored the extent to which 

unequal cluster size, number of clusters, or both can impact parameter estimates, power, 

and type I error. The overall conclusion across these studies is that mild or moderate 

imbalance can be ignored while extreme imbalance can produce biased estimates, lower 

power, and higher type I error rates. However, the negative effects of extreme imbalance 

can be mitigated with a larger number of clusters (Bell, Ferron, & Kromrey, 2008; 

Browne & Draper, 2000; Cools, van den Noortgate, & Onghena, 2009) or a larger total 

sample size (Steele, Mundfrom, & Perrett, 2011).   

Accuracy. For the effects of level-1 and level-2 explanatory variables, studies 

suggest that imbalance in cluster sizes, even extreme imbalance, appears to have a 

minimal effect on the accuracy of these fixed effect estimates (Bell, Ferron, & Kromrey, 

2008; Bell, et al., 2010; Browne & Draper, 2000; Candel, Van Breukelen, Kotova, & 

Berger, 2008). In a simulation study by Bell, et al. (2010), acceptable levels of bias and 

95% confidence interval coverage were obtained for estimates of multiple explanatory 

variables at both level-1 and level-2 across 10 to 30 clusters together with cluster size 

ranges of 5–10, 10–20, and 20–40. Similarly, Candel, Van Breukelen, Kotova, and 

Berger (2008) reported relative mean squared errors of 0.82 and greater between equal 

and unequal cluster size conditions, where the largest cluster size in the unbalanced 

conditions had seven times as many individuals as the smallest cluster size (i.e.,    = 6, 

24 and 42).  

Estimates of level-2 variance components also appear to be largely unaffected by 

unequal cluster sizes. For example, the relative mean squared errors for both the intercept 
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and slope variances were at least 0.77 between equal and unequal cluster size conditions 

(Candel, Van Breukelen, Kotova, & Berger, 2008). In terms of absolute bias, Bell, 

Ferron, and Kromrey (2008) also found estimates to be fairly accurate even when 70% of 

the clusters had only one subject each and the other 30% had an average cluster size of 10 

or 50.  

While Browne and Draper (2000) found biased estimates of the variance 

components and their associated standard errors in their study, they concluded that the 

accuracy of estimates was influenced more by the total number of clusters than by 

unequal cluster sizes, as bias was present in both the balanced and unbalanced conditions. 

This conclusion has been further supported by other studies that demonstrate that a larger 

number of clusters can compensate for bias resulting from imbalance (e.g., Bell, Ferron, 

& Kromrey, 2008; Cools, van den Noortgate, & Onghena, 2009). For example, Cools, 

van den Noortgate, and Onghena (2009) found that estimates of fixed effects and 

variance components from unbalanced conditions with 100 clusters only began to deviate 

from the balanced condition with 100 clusters of size 100 when about 70–95% of the 

total sample size belonged to just 10% of the clusters (e.g., 90 clusters of size 5 and 10 

clusters of size 955). Even then, the estimates from these severely unbalanced conditions 

were more accurate than estimates from the balanced condition with 10 clusters of size 

1000.  

Power and type I error. When estimates of power and type I error rates from 

unbalanced conditions were compared to those from the balanced case, results were often 

comparable when the imbalance was not severe. For example, with a mild or moderate 
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imbalance in cluster size, power estimates for the test of the effect of a level-2 treatment 

variable were 0.456 to 0.468, respectively, compared to 0.470 in the balanced condition 

(Konstantopoulos, 2010). Mild imbalance was defined as an average difference in cluster 

size of 10 individuals between the two study groups, and moderate imbalance was 

defined as an average difference of 30. However, with extreme imbalance (i.e., an 

average difference of 70), power was reduced by about half (0.259). In terms of the type I 

error rates of the tests of fixed effects, Cools, van den Noortgate, and Onghena (2009) 

found that empirical alphas ranged from 0.05 to 0.06 for the condition with equal cluster 

sizes as well as the condition in which the cluster sizes differed by 100, but exceeded 

0.06 with more extreme imbalance. 

While reductions in power and deviations from the nominal alpha level can occur 

with extreme imbalance, they do not appear to be an issue with a larger number of 

clusters or a larger total sample size (Bell, Ferron, & Kromrey, 2008; Cools, van den 

Noortgate, & Onghena, 2009; Steele, Mundfrom, & Perrett, 2011). For example, Steele, 

Mundfrom, and Perrett (2011) found that the power to detect the effect of a level-1 

explanatory variable dropped from about 0.87 to about 0.75 in the conditions where the 

total sample size of 200 was divided into ratios of 25:75 and 15:85, respectively. 

However, when the total sample size was increased to 500, the power difference 

narrowed considerably, with the 25:75 condition reaching a power of 0.96 and the 15:85 

condition reaching a power of 0.93. Similarly, tests of the variance components were 

robust to imbalance with 500 clusters while type I error rates were slightly conservative, 

though still close to the nominal value, with 50 clusters (Bell, Ferron, & Kromrey, 2008).  
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In summary, the studies reviewed above suggest that, for two-level HLMs with a 

single continuous outcome, sampling more clusters rather than more individuals per 

cluster will generally lead to more accurate estimates and statistical inferences, with these 

advantages evident in both balanced and unbalanced designs. These studies have also 

given rise to rules of thumb (30/30, 50/20, and 100/10) that provide applied researchers 

with concrete sample size recommendations for obtaining accurate parameter estimates 

under maximum likelihood estimation. 

Although these guidelines are of value, the conventional HLM on which they are 

based is a univariate model while, in practice, researchers often collect multivariate 

outcomes. As just one example, a reading intervention study conducted by Vernon-

Feagans, Kainz, Hedrick, Ginsberg, and Amendum (2013) collected outcome data on 

four reading subtests and one vocabulary test. A common approach to analyzing such 

data is to model each outcome singly using five separate HLMs, as was done in the study. 

An alternative would be to analyze all five measures simultaneously using a multivariate 

extension of the conventional HLM known as the multivariate multilevel model. This 

model is described below.  

The Multivariate Multilevel Regression Model (MVMM) 

The multivariate multilevel model (MVMM) is a multilevel regression approach 

to estimating and testing the effects of explanatory variables on a set of correlated 

continuous outcomes (Baldwin, Imel, Braithwaite, & Atkins, 2014; Goldstein, 2011; 

Hox, 2010; Snijders & Bosker, 2012; Tate & Pituch, 2007). By analyzing outcomes 

jointly, the MVMM takes into account their covariance structure and partitions it across 
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individuals and clusters. In contrast, the univariate approach of modeling a series of 

HLMs ignores the intercorrelations among these outcomes. Consequently, the standard 

errors obtained from an MVMM analysis will generally be smaller, resulting in more 

powerful tests of fixed effects, especially if the outcomes are highly correlated and there 

is a large amount of missing outcome data (Snijders & Bosker, 2012). In addition, the 

MVMM can be used to test the multivariate hypothesis of whether an explanatory 

variable has a differential effect on the outcomes, provided the related outcome measures 

are on the same scale. Methods for testing differential effects are demonstrated in 

Baldwin, Imel, Braithwaite, and Atkins (2014). Finally, testing the overall multivariate 

null hypothesis with the MVMM helps control the inflation of the overall type I error rate 

that would result from conducting a series of univariate tests.  

To illustrate two-level and three-level MVMMs, I return to the example with the 

SAT, GPA, and Treatment variables used for the two-level HLMs. This time, however, 

rather than using the composite SAT score as the single outcome, I use the critical 

reading and writing SAT scores as the set of continuous outcomes for multivariate 

analysis. (Note that more than two outcomes can be included in the model—for example, 

reading, writing, and mathematics—but only two were chosen for the purposes of this 

illustration.) The SAT reading (SAT-R) and SAT writing (SAT-W) scores are assumed to 

be correlated. In addition, since they are both scored on a scale from 200 to 800, it is 

possible to test whether the relationship between GPA and SAT-R is different from its 

relationship with SAT-W. 
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Two-level MVMM. The two-level multivariate multilevel model (MVMM) is 

analogous to the classical multivariate analysis of variance (MANOVA) procedure and 

may, in fact, be used in its stead (Hox, 2010). In a two-level MVMM, outcome measures 

h (SAT-R and SAT-W) are nested within students i. Note that this model does not 

account for the nesting of students within classrooms. The notation used here is similar to 

that of Park et al. (2014). 

At level-1, a student’s SAT-R score (   ) and SAT-W score (   ) are defined by  

                                                   (2.14) 

where     and     are dummy coded variables such that:  

     
        - 

        - 
           

        - 

        - 
   . 

Use of dummy coding reduces Equation 2.14 to         for a student’s SAT-R score 

and         for his/her score on SAT-W. There is no intercept and no error term in 

Equation 2.14 because the sole purpose of this level is to establish the multivariate 

response structure (Hox, 2010; Goldstein, 2011).  

 The level-2 equation with Treatment as an explanatory variable is 

 
                    
                    

 ,                                     (2.15) 

where Z is coded with a one for the treatment group and zero for the control group. The 

coefficients     and     represent the expected difference between the treatment and 

control groups on SAT-R and SAT-W, respectively. The residuals,     and    , are 

assumed to be independent and bivariate normally distributed with a mean of 0 and 

covariance matrix   , where 
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                                           (2.16) 

 If students are nested within classrooms, then a third level would be added to the 

MVMM to account for the additional level of clustering. The unconditional and 

conditional three-level MVMM are described below. 

Unconditional three-level MVMM. The three-level MVMM consists of 

outcome measures h nested within students i who are nested within classrooms j. The 

notation used here is similar to that of Hox (2010), Snijders and Bosker (2012), and Tate 

and Pituch (2007).  

                                                          (2.17) 

The unconditional level-2 equation is 

 
                   
                   

 ,                                    (2.18) 

where the intercepts,      and     , represent the mean SAT-R and SAT-W scores, 

respectively, for the jth classroom. The residuals,      and     , are assumed to be 

independent and bivariate normally distributed with a mean of 0 and covariance matrix 

  , where 

    
       

                   
                                       (2.19) 

The unconditional level-3 equation is  

 
              
              

                                            (2.20) 
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where      and      represent the average SAT-R and SAT-W scores, respectively, 

across classrooms. The residuals,      and     , are assumed to be independent and 

bivariate normally distributed with a mean of 0 and covariance matrix   , where 

    
        

                    
                                        (2.21) 

 A single equation for each outcome measure can be obtained by substituting the 

level-2 and level-3 equations into level-1: 

 
                   
                   

                                        (2.22) 

Explanatory variables may be added to the unconditional model above to explain 

variability in the outcomes. A fully conditional three-level MVMM is described below.   

Conditional three-level MVMM. Like the conditional two-level HLM, the 

conditional three-level MVMM can vary in complexity. Here, I focus on the full model, 

or fully conditional three-level MVMM.  

Fully conditional three-level MVMM. The level-1 equation for the fully 

conditional three-level MVMM is the same as for the unconditional model (Equation 

2.17). The conditional level-2 model with GPA (   ) as the covariate is 

 
                           
                           

 ,                              (2.23) 

where the slopes,      and     , represent the expected increase in SAT-R and SAT-W 

scores, respectively, for every one unit increase in GPA, which has been grand-mean 

centered in this example. The residuals,      and     , are assumed to be independent and 
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bivariate normally distributed with a mean of 0 and covariance matrix    (see Equation 

2.19).  

 The conditional level-3 model with Treatment as the explanatory variable is  

  
                     
                     

                                        (2.24) 

 
                     
                     

  

where      and      represent the mean difference in SAT-R and SAT-W scores between 

the treatment and control groups, controlling for GPA. The coefficients      and      

represent the mean differences in GPA-SAT-R and GPA-SAT-W slopes, respectively, 

between the treatment and control groups, controlling for GPA. The intercept residuals, 

     and     , and the slope residuals,      and     , are assumed to be independent and 

multivariate normally distributed with a mean of 0 and covariance matrix   , where  
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               (2.25) 

The single equation expression for each outcome measure in the fully conditional model 

is: 

 
                                                    
                                                    

       (2.26) 

 Intraclass correlation coefficient. The unconditional and residual intraclass 

correlation coefficients (ICC) for each outcome in the three-level MVMM are both 

expressed as  
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                                            (2.27) 

where     is the level-3 intercept residual for outcome h and    is the level-2 residual. 

Sample Size Requirements for the Multivariate Multilevel Model 

This section summarizes what little information is available on sample size 

requirements for the multivariate multilevel regression model. But before proceeding to 

the summary, sample size requirements for the traditional multivariate analysis of 

variance (MANOVA) procedure will be briefly summarized.   

For sample size determination in one-way MANOVA (i.e., a MANOVA with a 

single explanatory variable) with equal group sizes, Lauter (1978) computed the sample 

size needed per group across a range of alpha levels, desired levels of power, number of 

outcome variables, and effect sizes. For instance, in a two-group study, given an alpha 

level of .05 and a moderate effect size, about 29 subjects are needed per group to achieve 

a power of .80 if only one outcome variable is included in the model. For three outcomes, 

the sample size requirement increases to 42 subjects per group, all else being equal. 

However, if the number of groups in the study also increases, then the number of subjects 

needed per group increases even more. In short, increasing the number of outcomes 

and/or increasing the number of groups increases the sample size demands of a 

MANOVA study. 

A simulation study by Park et al. (2014) on the two-level MVMM (i.e., outcome 

measures nested within individuals randomly assigned to experimental groups) compared 

the type I error rate and power for tests of the overall multivariate null hypothesis of no 
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group differences on a set of two outcome measures when tested using the MVMM, 

versus a two-group MANOVA, versus a series of univariate ANOVAs. The study 

manipulated, among other factors, the number of individuals in each of two experimental 

groups. For the two-level MVMM, the type I error rates for the test of the overall 

multivariate null hypothesis were inflated with the smallest group size of 20. To achieve 

statistical power of greater than .80, one would need a group size of at least 40 to detect a 

large (d = 0.80) effect and at least 60 to detect a medium (d = 0.50) effect. Park et al. also 

observed that power for the overall test decreased as the correlation among the outcome 

variables increased. While this simulation study offers insight into sample size 

requirements for the two-level MVMM, not all of the results will generalize to a three-

level MVMM because there are two samples’ sizes to consider in the three-level model, 

the number of clusters and the cluster size.  

Applications of the three-level MVMM to real-world education, behavioral, and 

health data can be found in Hauck and Street (2006), Olaizola, Diaz, and Ochoa, (2014), 

Turner, Omar, and Thompson (2006), and Yang, Goldstein, Browne, and Woodhouse 

(2002). These studies varied considerably in the number of clusters sampled, from 20 up 

to 2,607. While an upper-level sample size of 2,607 clusters is unlikely to negatively 

impact results, a much smaller sample size such as 20 clusters may be problematic. 

However, the extent to which maximum likelihood estimation of multivariate multilevel 

parameters and associated hypothesis testing are affected by small sample size, 

particularly a small number of clusters, is unknown, as no methodological studies have 

been found that have focused on estimation of the three-level MVMM. Nevertheless, by 
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using MANOVA as a point of reference, one can conjecture that the sample size 

requirements for the three-level MVMM may be greater than for the two-level univariate 

HLM, especially as the number of outcome measures increases. 

Statement of Purpose 

Multilevel regression analysis is a popular approach for handling clustered data, 

and maximum likelihood estimation is a commonly used method of estimating the 

multilevel parameters. However, the large-sample assumption on which maximum 

likelihood estimation is based is often violated in applied multilevel research. The 

disparity between theory and reality has prompted methodologists to investigate the 

effects of cluster size and number of clusters on multilevel parameter estimates and 

hypothesis testing. This body of research has mostly been conducted with simulations 

(e.g., Maas & Hox, 2004, 2005), with some analytic studies on power analysis (e.g., 

Raudenbush & Liu, 2000; Snijders & Bosker, 1993), and has primarily been limited to 

the traditional two-level univariate model. 

The purpose of the present study is to extend the literature on sample size 

requirements for decent estimation of the conventional HLM to sample size requirements 

for a model with multiple related continuous outcomes nested within individuals nested 

within clusters. This study employed a simulation design to examine whether the results 

from the two-level HLM studies reviewed here will generalize to the three-level MVMM. 

The three research questions guiding the study include: 
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1. What are sufficient level-2 and level-3 sample sizes for acceptable 

parameter and standard error estimates, 95% confidence interval coverage, 

type I error, and power when estimating a three-level MVMM? 

2. How do the study conditions affect parameter and standard error 

estimates, 95% confidence interval coverage, type I error, and power when 

estimating a three-level MVMM? 

3. How does the performance of the three-level MVMM compare to that of 

corresponding two-level HLMs? 

The conditions investigated in this study were chosen because they are either 

directly relevant to determining sample size requirements or are commonly included in 

HLM and MANOVA methodological studies. Five factors were varied and fully crossed 

in the simulation: (1) number of outcome measures, (2) number of clusters, (3) cluster 

size, (4) residual intraclass correlation, and (5) the correlation between pairs of outcome 

measures. In each condition, the cluster sizes were balanced, given that the number of 

clusters appears to have a larger effect on results than degree of imbalance (e.g., Bell, 

Ferron, & Kromrey, 2008). The next chapter details the methods for generating and 

analyzing the data for this study. 
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Chapter 3: Methods 

 Two simulation studies were conducted to investigate the impact of small samples 

sizes on the maximum likelihood estimation accuracy, power, and type I error rates for 

parameters estimated using three-level multivariate multilevel models (MVMMs). The 

two studies were similar in terms of simulated conditions and analyses but differed in the 

complexity of the model. The generating and estimating model for the first study was a 

random-intercept MVMM while the model for the second study was fully conditional. A 

series of comparable two-level univariate HLMs were also estimated in order to explore 

the impact of fitting models that ignore the correlations among outcome data under 

various conditions.  

Due to the lack of three-level MVMM methodological studies in the current 

literature, the rationale for the designs and parameters used in the simulation studies are 

drawn from research on the two-level MVMM, univariate HLMs, and multivariate 

analysis of variance (MANOVA). In addition, I compared MVMM and univariate HLM 

models’ estimates using real data from the Early Childhood Longitudinal Study, 

Kindergarten Class of 1998-99 (ECLS-K) to further inform the simulation studies’ 

designs. The analysis of the ECLS-K data is described below. 

Real Data Analysis 

 The Early Childhood Longitudinal Study, Kindergarten Class of 1998-99 (ECLS-

K) is a large-scale study that followed a nationally representative sample of students from 

kindergarten through eighth grade. Data were collected over seven waves, beginning in 
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the fall of the 1998-99 school year and ending in the spring of the 2006-07 school year. 

The current analysis utilized a cross-section of the full data set. 

Participants and Variables 

Third-grade data from the spring of the 2001-02 school year were obtained for the 

following variables: school ID, teacher ID, student ID, student gender (GENDER), 

reading assessment, mathematical thinking assessment, science assessment, and whether 

the school is public or non-public (PUBLIC). In order to fit a three-level MVMM with 

outcomes nested within students nested within schools, only one teacher was retained per 

school so that results were not confounded by the effects of any possible dependencies 

across classrooms. In addition, listwise deletion of missing data was used, resulting in a 

final dataset of 6,086 students (2,968 males and 3,118 females) nested within 1,862 

schools (1,537 public and 325 non-public). While use of listwise deletion is not optimal, 

it was deemed appropriate for this analysis since the objective was to obtain population 

values for the simulation studies and to explore differences between MVMM and HLM 

estimates rather than to make substantive inferences about relationships among the 

variables. 

Analyses  

An unconditional three-level MVMM, two different conditional three-level 

MVMMs, and corresponding two-level univariate HLMs were fit to the data using SAS 

software version 9.4. The first conditional MVMM, hereafter referred to as MVMM-A, 

and a set of univariate HLMs were modeled with random intercepts and fixed slopes. The 

second conditional MVMM, or MVMM-B, and associated univariate HLMs also allowed 
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the slopes to vary across schools. Each student’s item response theory (IRT) scale score 

on the reading, math, and science assessments served as the set of three related outcomes 

for the MVMM analysis. The level-2 explanatory variable was GENDER, coded with a 

zero for males and with a one for females. The level-3 explanatory variable was PUBLIC, 

coded with a zero for non-public and with a one for public. For the analyses, GENDER 

was group-mean centered by deviating each student’s gender around the proportion of 

females within each school so that the intercepts can be interpreted as the unadjusted 

means for school j (Enders & Tofighi, 2007). 

Unconditional MVMM. The unconditional MVMM was initially fit to the data 

to obtain preliminary information about how much of the variation in each of the 

outcomes lies within and between schools. The level-1 equation with the reading, math, 

and science assessment outcomes indexed by h = 1, 2, 3, respectively, was 

                                                               (3.1) 

 The level-2 equation was 

  

                   
                   
                   

                                          (3.2) 

 The level-3 equation was 

 

              
              
              

                                               (3.3) 

 The single-equation expression for the unconditional three-level MVMM was 

 

                   
                   
                   

                                          (3.4) 
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The corresponding unconditional two-level univariate HLM equation for each of 

the outcomes was 

                                                           (3.5) 

MVMM-A. For the first conditional MVMM, or MVMM-A, the level-1 equation 

was the same as Equation 3.1. The level-2 equation with each outcome regressed on 

GENDER (   ) was 

 

                           
                           
                           

                               (3.6) 

The level-3 equation with PUBLIC (  ) as the explanatory variable, random 

intercepts, and fixed slopes was 

 
                     

         
                                          (3.7) 

 
                     

         
  

 
                     

         
  

The single-equation expression of this three-level random-intercept MVMM was 

 

                                  
                                  
                                  

                        (3.8) 

The corresponding HLM equation for each of the outcomes was 

                                                           (3.9) 

MVMM-B. The third set of MVMM analysis involved a conditional model with 

random intercepts and random slopes. The level-1 and level-2 equations for MVMM-B 
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were the same as those from MVMM-A. For the level-3 equation, the slopes for all three 

outcomes were initially allowed to vary; however, this model could not be fit to the data 

because the slope variance for the science outcome was negative. Therefore, only the 

reading and math outcomes included a slope residual and the explanatory variable 

PUBLIC (  ) to explain slope variance at level-3, as shown below: 

 
                     
                     

                                        (3.10) 

 
                     
                     

  

 
                     

         
  

 Regressing the level-2 slopes for the first two outcomes on the level-3 explanatory 

variable resulted in cross-level interactions, as shown in the single-equation expression 

below for MVMM-B: 

 

                                                    
                                                    

                                  

      (3.11) 

The corresponding HLM equation for the first two outcomes was 

                                                     (3.12) 

 The HLM equation for the third outcome was 

                                                          (3.13) 

Results 

Parameter estimates from the unconditional MVMM, MVMM-A, MVMM-B, and 

corresponding HLMs are presented below. These estimates were then used to calculate 
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intraclass correlation coefficients (ICCs), effect sizes, and correlations between pairs of 

outcome variables which, in turn, were used to inform the design of the simulation 

studies.  

Parameter estimates. Tables 3.1 and 3.2 display the restricted maximum 

likelihood (REML) estimates of the intercepts and variance components for the 

unconditional MVMM (Equation 3.4) and corresponding HLMs (Equation 3.5). 

 

Table 3.1 

Fixed Effect (and Standard Error) Estimates for the Unconditional MVMM and 

Corresponding HLMs Using the ECLS-K Data 

 

 Unconditional 

MVMM 

Unconditional HLM 

  Reading Math Science 

Fixed Effect 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Reading      

     Intercept      128.25* 

(0.48) 

128.26* 

(0.48) 

  

Math     

     Intercept      99.83* 

(0.42) 

 100.07* 

(0.42) 

 

Science     

     Intercept      50.76* 

(0.28) 

  50.81* 

(0.28) 

* p < .01 
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Table 3.2  

Random Effect Variance and Covariance (and Standard Error) Estimates for the 

Unconditional MVMM and Corresponding HLMs Using the ECLS-K Data 

 

 

Unconditional 

MVMM 

Unconditional HLM 

  Reading Math Science 

Random Effect 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Reading     

     var(   ) 192.98* 

(14.38) 

189.18* 

(14.52) 

  

     var(  ) 530.70* 

(11.31) 

532.08* 

(11.43) 

  

Math     

     var(   ) 145.34* 

(11.03) 

 141.59* 

(11.00) 

 

     var(  ) 409.36* 

(8.74) 

 410.94* 

(8.82) 

 

Science     

     var(   ) 71.40* 

(4.74) 

  70.23* 

(4.68) 

     var(  ) 149.69* 

(3.21) 

  150.10* 

(3.22) 

Between outcomes     

     cov(   ,    ) 154.50* 

(11.52) 

   

     cov(   ,    ) 107.83* 

(7.58) 

   

     cov(   ,    ) 87.82* 

(6.48) 

   

     cov(  ,   ) 294.27* 

(8.39) 

   

     cov(  ,   ) 185.70* 

(5.13) 

   

     cov(  ,   ) 154.67* 

(4.44) 

   

* p < .01 
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Tables 3.3 and 3.4 display the REML estimates of the fixed effects and variance 

components for MVMM-A (Equation 3.8) and corresponding HLMs (Equation 3.9). 

 

Table 3.3 

 Fixed Effect (and Standard Error) Estimates for the Conditional MVMM with Random 

Intercepts and Fixed Slopes (MVMM-A) and Corresponding HLMs Using the ECLS-K 

Data 

 

 MVMM-A Conditional HLM 

  Reading Math Science 

Fixed Effect 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Reading      

     Intercept      137.05* 

(1.00) 

136.78* 

(1.01) 

  

     Gender      3.53* 

(0.71) 

3.53* 

(0.71) 

  

     Public      –11.10* 

(1.13) 

−10.72* 

(1.14) 

  

Math     

     Intercept      104.18* 

(0.91) 

 104.19* 

(0.91) 

 

     Gender      −5.92* 

(0.62) 

 −5.92* 

(0.62) 

 

     Public      −5.33* 

(1.02) 

 −5.22* 

(1.02) 

 

Science     

     Intercept      55.00* 

(0.60) 

  55.01* 

(0.60) 

     Gender      −3.86* 

(0.37) 

  −3.86* 

(0.37) 

     Public      −5.27* 

(0.67) 

  −5.27* 

(0.67) 

* p < .01 
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Table 3.4 

Random Effect Variance and Covariance (and Standard Error) Estimates for the 

Conditional MVMM with Random Intercepts and Fixed Slopes (MVMM-A) and 

Corresponding HLMs Using the ECLS-K Data 

 

 MVMM-A Conditional HLM 

  Reading Math Science 

Random Effect 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Reading     

     var(   ) 165.45* 

(13.42) 

164.72* 

(13.70) 

  

     var(  ) 532.57* 

(11.39) 

532.15* 

(11.46) 

  

Math     

     var(   ) 143.63* 

(10.94) 

 140.34* 

(10.92) 

 

     var(  ) 401.27* 

(8.59) 

 402.63* 

(8.66) 

 

Science     

     var(   ) 68.00* 

(4.59) 

  67.00* 

(4.54) 

     var(  ) 146.24* 

(3.14) 

  146.60* 

(3.15) 

Between outcomes     

     cov(   ,    ) 142.41* 

(11.08) 

   

     cov(   ,    ) 96.04* 

(7.16) 

   

     cov(   ,    ) 85.00* 

(6.35) 

   

     cov (  ,   ) 299.72* 

(8.40) 

   

     cov(  ,   ) 189.57* 

(5.14) 

   

     cov(  ,   ) 149.39* 

(4.35) 

   

* p < .01 
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Tables 3.5, 3.6 and 3.7 display the REML estimates of the fixed effects and 

variance components for MVMM-B (Equation 3.11) and corresponding HLMs 

(Equations 3.12 and 3.13). 
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Table 3.5  

Fixed Effect (and Standard Error) Estimates for the Conditional MVMM with Random 

Intercepts and Random Slopes (MVMM-B) and Corresponding HLMs Using the ECLS-K 

Data 

 

 MVMM-B Conditional HLM 

  Reading Math Science 

Fixed Effect 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Reading     

     Intercept      137.04* 

(1.00) 

136.78* 

(1.01) 

  

     Gender      3.27* 

(1.07) 

2.67 

(1.21) 

  

     Public      −11.10* 

(1.13) 

−10.72* 

(1.14) 

  

     Gender×Public      0.14 

(1.16) 

1.26 

(1.50) 

  

Math     

     Intercept      104.17* 

(0.91) 

 104.19* 

(0.91) 

 

     Gender      −6.75* 

(0.95) 

 −7.10* 

(1.06) 

 

     Public      −5.33* 

(1.03) 

 −5.22* 

(1.02) 

 

     Gender×Public      1.23 

(1.07) 

 1.85 

(1.31) 

 

Science     

     Intercept      54.99* 

(0.60) 

  55.01* 

(0.60) 

     Gender      −3.86* 

(0.37) 

  −3.86* 

(0.37) 

     Public      −5.27* 

(0.68) 

  −5.27* 

(0.67) 

* p < .01 
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Table 3.6 

Random Effect Variance (and Standard Error) Estimates for the Conditional MVMM 

with Random Intercepts and Random Slopes (MVMM-B) and Corresponding HLMs 

Using the ECLS-K Data 

 

 MVMM-B Conditional HLM 

  Reading Math Science 

Random Effect 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Reading     

     var(   ) 166.91* 

(13.50) 

164.78* 

(13.83) 

  

     var(   ) 19.78 

(11.45) 

0.43 

(19.20) 

  

     cov(   ,    ) 15.78 

(9.44) 

6.00 

(12.23) 

  

     var(  ) 528.52* 

(11.61) 

532.07* 

(12.38) 

  

Math     

     var(   ) 145.35* 

(11.03) 

 140.81* 

(11.03) 

 

     var(   ) 13.80 

(9.84) 

 4.94 

(14.54) 

 

     cov(   ,    ) −0.30 

(7.96) 

 −6.40 

(9.63) 

 

     var(  ) 397.52* 

(8.81) 

 401.37* 

(9.31) 

 

Science     

     var(   ) 68.13* 

(4.59) 

  67.00* 

(4.54) 

     var(  ) 146.20* 

(3.14) 

  146.60* 

(3.15) 

* p < .01 
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Table 3.7 

Random Effect Covariance (and Standard Error) Estimates for the Conditional MVMM 

with Random Intercepts and Random Slopes (MVMM-B) Using the ECLS-K Data 

 

 MVMM-B Conditional HLM 

  Reading Math Science 

Random Effect 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Coefficient 

(SE) 

Between outcomes     

     cov(   ,    ) 143.43* 

(11.15) 

   

     cov(   ,    ) 96.21* 

(7.18) 

   

     cov(   ,    ) 4.45 

(8.73) 

   

     cov(   ,    ) 85.43* 

(6.37) 

   

     cov(   ,    ) 18.66 

(8.64) 

   

     cov(   ,    ) 14.77* 

(5.72) 

   

     cov(   ,    ) -0.92 

(5.27) 

   

     cov(   ,    ) 7.89 

(8.19) 

   

* p < .01 

 

 

The results displayed in Tables 3.1 through 3.4 show that, overall, the 

unconditional MVMM and MVMM-A produced estimates that were very similar to the 

estimates from the corresponding HLMs. However, as model complexity increased to 

include slope variances and cross-level interaction terms, the results began to diverge, as 

shown in Tables 3.5 and 3.6. The most pronounced differences between the results from 

MVMM-B and corresponding HLMs occurred for the estimates of the cross-level 
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interaction term for the reading outcome, and the slope variances and intercept-slope 

covariances for both the reading and math outcomes. In addition, note that all of the 

MVMM analyses provide information above and beyond what can be obtained from 

corresponding HLM analyses—namely, the covariances between outcomes.  

Intraclass correlations. For both the unconditional and conditional MVMMs, the 

intraclass correlation coefficient (ICC) was calculated for each outcome h using the 

formula 

    0

0

var( )

var( ) var( )

h
h

h h

u

u r
 


                                            (3.14) 

These values were used to inform the choice of corresponding parameter values used to 

generate the data. ICCs for the corresponding HLMs were also calculated. Table 3.8 

displays the ICCs for the MVMMs and HLMs that were fit to the data.   
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Table 3.8 

Intraclass Correlation Coefficients from the MVMM and Corresponding HLM Analyses 

of the ECLS-K Data 

 

Variable Unconditional MVMM Unconditional HLM 

Reading .27 .26 

Math .26 .26 

Science .32 .32 

   

 MVMM-A Conditional HLM 

Reading .24 .24 

Math .26 .26 

Science .32 .31 

   

 MVMM-B Conditional HLM 

Reading .24 .24 

Math .27 .26 

Science .32 .31 

 

 

 The results in Table 3.8 show that, for each outcome variable, the ICCs for the 

MVMMs were practically identical to those for the HLMs. This is not surprising, as the 

estimates for the intercept and residual variances shown in Tables 3.2, 3.4, and 3.6 were 

very similar across models. 

Effect sizes. Estimates of the fixed effects from MVMM-A, MVMM-B, and 

corresponding HLMs were translated into standardized effect sizes to be used as 

generating population parameter values in the simulation studies. According to Hedges 

(2007), standardized differences in means (Cohen’s d) between a treatment and control 

group from a two-level univariate HLM analysis can be calculated using the formula 
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                                                (3.15) 

where     
  and     

  are the grand means on outcome Y for the treatment and control groups, 

respectively, and        is the pooled within-treatment group variance.  

In the current MVMM analyses, Equation 3.15 was generalized to obtain Cohen’s 

d effect sizes for GENDER, PUBLIC, and GENDER×PUBLIC on each of the outcomes. 

The effect sizes for GENDER were calculated as    

10

0

,
var( ) var( )

h
h

h h

d
u r





                                       (3.16) 

the effect sizes for PUBLIC were calculated as 

01

0

,
var( ) var( )

h
h

h h

d
u r





                                       (3.17) 

and the effect sizes for the cross-level interactions were calculated as 

11

0

,
var( ) var( )

h
h

h h

d
u r





                                      (3.18) 

where h = 1, 2, and 3 distinguish the reading, math, and science outcomes, respectively. 

MVMM and corresponding HLM estimates of     ,     ,     ,         , and 

        from Tables 3.3 through 3.6 were used in the effect size calculations. Table 3.9 

displays the effect sizes for MVMM-A , MVMM- B, and the HLMs across the three 

outcomes. 
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Table 3.9  

Effect Size Estimates (Cohen’s d) from the MVMM-A, MVMM-B, and Corresponding 

HLM Analyses of ECLS-K Data  

 

 MVMM-A Conditional HLM 

Variable                   

Gender 0.13 0.25 0.26 0.13 0.25 0.26 

Public 0.42 0.23 0.36 0.41 0.22 0.36 

   

 MVMM-B Conditional HLM 

                   

Gender 0.12 0.29 0.26 0.10 0.30 0.26 

Public 0.42 0.23 0.36 0.41 0.22 0.36 

Gender×Public 0.01 0.05  0.05 0.08  

 

 

The effect sizes for GENDER and PUBLIC from MVMM-A and MVMM-B were 

fairly similar to the effect sizes obtained from the corresponding HLMs. However, the 

effect sizes for the cross-level interaction term from the MVMMs were noticeably 

smaller than the effect sizes from the HLMs. 

According to Cohen (1988), standardized mean differences of 0.20, 0.50, and 0.80 

constitute small, medium, and large effect sizes, respectively. As Lipsey, et al. (2012) 

pointed out, these commonly-used rules of thumb are based on a theoretical distribution 

of effect sizes covering a very broad range of social and behavioral research. In order to 

properly assess the magnitude of effect sizes, one must necessarily compare the obtained 

effect sizes to “appropriate norms–that is, norms based on empirical distributions of 

effect sizes from comparable studies” (p. 4), which is beyond the scope of this study. 
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Correlations between pairs of outcomes. For the unconditional and conditional 

MVMMs, Pearson product-moment correlations between pairs of outcomes (h and h′) at 

level-2 were calculated from the level-2 estimated variances and covariances in Tables 

3.2, 3.4, 3.6 and 3.7 using the following formula: 

'
'

'

cov( , )

var( ) var( )

h h
hh

h h

r r
r

r r



                                       (3.19) 

Similarly, the correlations at level-3 were calculated as: 

0 '0
'

0 '0

cov( , )

var( ) var( )

h h
hh

h h

u r
r

u u



                                    (3.20) 

These correlation estimates were used as relevant parameters’ generating values 

in the simulation studies. Table 3.10 displays the correlations between pairs of outcomes 

for the unconditional MVMM and the conditional correlations for MVMM-A and 

MVMM-B. The correlations from the unconditional MVMM are the equivalent of the 

correlations among the observed scores which, for this data set, are very similar to the 

conditional model’s values. (Note that the conditional model’s values represent the 

correlation remaining after inclusion of GENDER, PUBLIC, and GENDER×PUBLIC in 

the models). 
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Table 3.10 

Correlations Between Pairs of Outcomes from the MVMM Analyses of ECLS-K Data 

 

 Unconditional MVMM MVMM-A MVMM-B 

Level-3:    

     corr(       ) .92 .92 .92 

     corr(       ) .92 .91 .90 

     corr(       ) .86 .86 .86 

Level-2:    

     corr(     ) .63 .65 .65 

     corr(     ) .66 .68 .68 

     corr(     ) .62 .62 .62 

 

 

The values above suggest a moderate to strong correlation between pairs of 

outcome measures. Also, note that correlations could not be calculated for the 

corresponding HLMs since the relevant covariances are not estimable using the 

univariate models. 

The above parameter estimates, intraclass correlation coefficients, effect sizes, 

and correlations obtained from the analyses of the ECLS-K data set were used as a 

reference for the  simulation studies on sample size requirements for the three-level 

MVMM. In addition, the differences between the MVMM and HLM results from the 

analyses, especially those from the models with cross-level interaction terms and slope 

variances, suggest a need for these studies to determine which type of analysis best 

captures the “true” population parameters, given a set of correlated outcome measures. 
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The two simulation studies that were conducted to investigate these issues are described 

below. 

Study 1 

 The studies on multivariate multilevel analysis of real data listed in Chapter 2 (for 

example, Olaizola, Diaz, & Ochoa, 2014) applied MVMMs with random intercepts and 

fixed slopes. Therefore, random-intercept MVMMs were used to generate and estimate 

data in this study.  

Generating Conditions  

 Five factors were manipulated and fully crossed for a total of 48 conditions: 

number of outcome measures (3, 5), correlation between pairs of outcome measures 

(moderate, strong), number of clusters (30, 50, 100), cluster size (5, 30), and residual 

intraclass correlation (.10, .30).  

Number of outcome measures. The number of outcome measures was expected 

to impact the power of the MVMM, as the power of MANOVA is known to decrease as 

the number of outcomes increases (Cohen, 1988). Therefore, conditions including three 

and five outcome measures were chosen for this study. These conditions closely match 

those that have been used in MANOVA simulation studies (e.g., Hummel & Sligo, 1971; 

Kim & Olejnik, 2005; Olson, 1973; Ramsey, 1982; Stevens, 1980).  

Conditional correlations between pairs of outcome measures. According to 

Tabachnick and Fidell (2013), using MANOVA is “wasteful” (p. 270) if the outcomes 

are either uncorrelated or very highly positively correlated. However, the use of 

MANOVA is advisable if the outcomes are either highly negatively correlated or 
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moderately correlated in either direction (|r| ≈ .6). For this study, moderate to strong 

positive correlations of .5 and .7 were chosen as values for both the conditional 

intercorrelations among each person’s scores on the outcome measures and the 

conditional intercorrelations among clusters’ means on the outcomes. A moderate 

correlation of .5 was used in the two-level MVMM study by Park et al. (2014) as well as 

in MANOVA studies by Hummel and Sligo (1971) and Stevens (1980). A strong 

correlation of .7 was also examined in these MANOVA studies. In addition, the higher 

value matches the correlation values averaged across the different levels for the ECLS-K 

data analysis (see Table 3.10). 

 Number of clusters and cluster size. The level-2 and level-3 sample sizes for the 

current study were based on the number of clusters and cluster sizes used in the two-level 

HLM studies by Maas and Hox (2004, 2005). Conditions of 30, 50, and 100 clusters were 

crossed with cluster sizes of five and 30, resulting in total sample sizes of 150, 250, 500, 

900, 1,500 and 3,000.  

Residual intraclass correlation. According to two-level HLM studies conducted 

by Bassiri (1988) and Maas and Hox (2004, 2005), the bias of fixed effects estimates 

increases as intraclass correlation (ICC) increases, especially with small sample sizes. 

Therefore, two values of residual ICCs were investigated. A residual ICC of .10 

corresponds to the overall mean residual ICC obtained by Hedges and Hedberg (2007) 

across a number of large-scale data sets on academic achievement. A residual ICC of .30 

corresponds to the average residual ICC from the analysis of the ECLS-K data (see Table 

3.8). ICCs of .10 and .30 were also used in the Maas and Hox (2004, 2005) studies. 
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Generation and Estimation 

 SAS 9.4 was used to simulate and analyze 1,000 data sets per condition. The 

models and procedures that were used to generate the data and estimate the multilevel 

parameters are described below. 

 Generating models. Three-level random-intercept MVMMs with three and with 

five outcome measures and dichotomous explanatory variables at level-2 and level-3 

were used to generate the data. These models are contained in Equations 3.21 and 3.22:  

 

                                  
                                  
                                  

                       (3.21) 

 
 
 

 
 
                                  
                                  
                                  
                                  
                                  

                       (3.22) 

Generating values for the fixed effects, variance components, and variables are 

described below. 

Fixed effects. To investigate type I error rates, population values for the main 

effect of     and    were set to zero for the first outcome only (i.e.,        and 

      ) and to non-zero values for all other outcomes. Varying the effect size of an 

explanatory variable across a set of outcomes to include both null and non-null effects 

was done in Cole, Maxwell, Arvey, and Salas (1994) and Ramsey (1982) to investigate 

the power and type I error rate of MANOVA.  Non-null values were varied incrementally 

from 2.0 to 3.5 for the main effects of     and from 3.0 to 4.5 for the main effects of   . 

These values were chosen such that the standardized differences in means were similar to 
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those for the GENDER and PUBLIC variables in the ECLS-K analysis (see Table 3.9). 

The population values of the intercepts (     to     ) were all set to 50. Table 3.11 lists 

the generating values for the fixed effects and their corresponding Cohen’s d effect sizes. 

 

Table 3.11 

 

Generating Parameter Values and Corresponding Cohen’s d for the Fixed Effects  

 

Outcome  Intercepts  X Coefficients  Z Coefficients 

h                                       

1  50  0 0 0  0 0 0 

2  50  2.0 0.20 0.18  3.0 0.30 0.26 

3  50  2.5 0.27 0.23  3.5 0.37 0.33 

4  50  3.0 0.34 0.30  4.0 0.45 0.40 

5  50  3.5 0.44 0.39  4.5 0.55 0.49 

Note.      = Cohen’s d when ICC is equal to 0.1;      = Cohen’s d when ICC is equal to 

0.3.  

 

 

Variance components. Tables 3.12 and 3.13 list the population values of the 

level-2 and level-3 variances and covariances for all combinations of residual ICCs and 

conditional correlations in the generating models. The level-2 residuals (    ) were 

randomly drawn from a multivariate normal distribution with means of zero, variances 

ranging from 60 to 100 across the outcomes, and covariances calculated from Equation 

3.19. For example, in the conditions where the conditional correlation between pairs of 

outcomes is equal to .5, the level-2 residuals’ covariance cov(     ) was calculated as 

follows: 
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The level-3 residuals (    ) were drawn from a multivariate normal distribution 

with means of zero and variances and covariances calculated from Equation 3.14 and 

Equation 3.20, respectively. For example, when the residual ICC is equal to .1, the level-

3 residuals’ variances var(   ) and var(   ) were calculated as follows: 

   
        

            
              

        

           
 

The approximate values of 11.11 and 10.00 for var(   ) and var(   ), respectively, were 

then used in calculating the level-3 residuals’ covariance cov(       ), as follows:  

   
            

            
   

 

Table 3.12 

Generating Parameter Values for the Level-2 and Level-3 Variances  

 

Parameters  ICC = 0.1  ICC = 0.3 

Level-2     

var(  )  100  100 

var(  )  90  90 

var(  )  80  80 

var(  )  70  70 

var(  )  60  60 

Level-3     

var(   )  11.11  42.86 

var(   )  10.00  38.57 

var(   )  8.89  34.29 

var(   )  7.78  30.00 

var(   )  6.67  25.71 

Note. ICC = intraclass correlation coefficient. 
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Table 3.13 

Generating Parameter Values for the Level-2 and Level-3 Covariances  

 

  ICC = 0.1  ICC = 0.3 

Parameters    = .5   = .7    = .5   = .7 

Level-2       

cov(  ,   )  47.43 66.41  47.43 66.41 

cov(  ,   )  44.72 62.61  44.72 62.61 

cov(  ,   )  41.83 58.57  41.83 58.57 

cov(  ,   )  38.73 54.22  38.73 54.22 

cov(  ,   )  42.43 59.40  42.43 59.40 

cov(  ,   )  39.69 55.56  39.69 55.56 

cov(  ,   )  36.74 51.44  36.74 51.44 

cov(  ,   )  37.42 52.38  37.42 52.38 

cov(  ,   )  34.64 48.50  34.64 48.50 

cov(  ,   )  32.40 45.37  32.40 45.37 

Level-3       

cov(   ,    )  5.27 7.38  20.33 28.46 

cov(   ,    )  4.97 6.96  19.17 26.83 

cov(   ,    )  4.65 6.51  17.93 25.10 

cov(   ,    )  4.30 6.02  16.60 23.24 

cov(   ,    )  4.71 6.60  18.18 25.46 

cov(   ,    )  4.41 6.17  17.01 23.81 

cov(   ,    )  4.08 5.72  15.75 22.05 

cov(   ,    )  4.16 5.82  16.04 22.45 

cov(   ,    )  3.85 5.39  14.85 20.78 

cov(   ,    )  3.60 5.04  13.89 19.44 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes.  

 

 

 Explanatory and outcome variables. For each observation in each of the data 

sets, a number was randomly drawn from a uniform [0,1] distribution. If the number was 

less than or equal to .5,     was assigned a value of zero. If the number was greater than 



 

63 

 

.5,     was assigned a value of one. This process was repeated for   . The variable     

was group-mean centered in the same manner as the GENDER variable in the ECLS-K 

analysis while    was left in its natural metric. The value of each outcome variable was 

obtained by inserting the values for the fixed effects, residuals, group-mean centered 

level-2 explanatory variable, and level-3 explanatory variable into the equations for the 

generating models. 

Estimating models. The three-level MVMMs used to generate the data for the 

three- and five-outcomes data (see Equations 3.21 and 3.22) were also used to estimate 

the multilevel parameters in each condition. In addition, the following univariate two-

level HLM, in single-equation form, was fit to the data for each outcome: 

                                                           (3.23) 

Estimation method. As noted in the previous chapter, full information maximum 

likelihood (FIML) and restricted maximum likelihood (REML) are two likelihood 

functions that are commonly used for maximum likelihood estimation. While practical 

differences between FIML and REML are negligible when the number of clusters is 

large, FIML estimates of the variance components will generally be less accurate and 

downwardly biased with smaller sample sizes (Hox, 2010; Raudenbush & Bryk, 2002; 

Snijders & Bosker, 2012). Therefore, REML was chosen as the estimation procedure. 

Analyses 

For each condition, parameter and standard error estimates and their associated p-

values from 1,000 replications (for which estimation converged) were collected for the 

analyses. Then the performance of the estimating models in Equations 3.21, 3.22, and 
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3.23 were compared in terms of parameter bias, relative parameter bias, relative standard 

error bias, 95% confidence interval coverage, power, and type I error rates. 

Convergence. For each condition, the number of replications needed to obtain 

1,000 sets of converged model estimates was recorded. The number of replications for 

which estimation failed to converge was also recorded. These non-converged model 

estimates were excluded from the following analyses. 

 Parameter bias and relative parameter bias. To evaluate the accuracy of the 

estimates of the fixed effects and variance components from the estimating models in 

each of the 48 conditions, parameter bias (PB) was calculated for the null effects and 

relative parameter bias (RPB) was calculated for the non-null effects. The formulas for 

PB and RPB, respectively, are as follows:  

                                                               (3.24) 

( ) i i
i

i

RPB
 





                                                 (3.25) 

where    is the population value of parameter i and      is the parameter estimate averaged 

across the 1,000 replications in each condition (Hoogland & Boomsma, 1998). According 

to Hoogland and Boomsma, absolute values of relative parameter bias less than 0.05 is 

considered acceptable. 

 Relative standard error bias. The accuracy of the standard error estimates were 

assessed using relative standard error bias: 

( ) i

i

i
i

SE SE
B SE

SE

 





                                        (3.26) 
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where      
 is the standard deviation of the parameter estimates (   s) across the 1,000 

replications in each condition and            is the mean standard error estimate of     

(Hoogland & Boomsma, 1998). Relative standard error bias is considered acceptable if its 

magnitude is less than 0.1 (Hoogland & Boomsma, 1998). 

 95% confidence interval coverage. The proportion of replications in each 

condition in which the 95% confidence interval captured the true parameter value was 

calculated to assess the precision of estimates of both the null and non-null fixed effects. 

Coverage rates between 92.5% and 97.5 are considered acceptable (Bradley, 1978). 

 Power. For each non-null effect of    , the empirical power rate was calculated as 

the proportion of replications per condition in which the null hypothesis of no effect of 

    (          ) was correctly rejected using an alpha-level of .05. Likewise, the 

proportion of replications per condition in which the null hypothesis of no effect of     

(          ) was correctly rejected was also calculated.   

 Type I error rate. For the null effect of    , the empirical type I error rate was 

calculated as the proportion of replications in which            was rejected using an 

alpha-level of .05. The empirical type I error rate for the null hypothesis of no effect of 

  (          ) was also calculated. 

 Analysis of variance. To determine which of the study conditions (number of 

outcomes, correlation between pairs of outcomes, number of clusters, cluster size, 

residual intraclass correlation) had an effect on parameter bias, relative parameter bias, 

and relative standard error bias, separate analysis of variance (ANOVA) procedures were 
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conducted with parameter bias, relative parameter bias, and relative standard error bias as 

the dependent variables and the study conditions as the independent variables. In this 

case, bias and relative bias were calculated for each replication, rather than averaged 

across replications, resulting in 1,000 values of parameter bias, relative parameter bias, 

and relative standard error bias for each condition. Main effects of the study conditions 

and two-way interactions were included in the ANOVAs, and the partial eta squared (  
 ) 

effect size measure was used to assess their practical significance. For this study, an 

effect with a   
  value of at least 0.01 was regarded as non-trivial. The formula for 

calculating   
  is: 

2 effect
p

effect error

SS

SS SS
 


                                         (3.27) 

where          is the sum of the squared deviations of the main effect or cross-level 

interaction and         is the sum of the squared errors.   

 Logistic regression. Logistic regression was used to assess the main effects of the 

study conditions and their two-way interactions on 95% confidence interval coverage, 

power, and type I error rates. For the logistic regression analysis of each non-null effect, 

each replication in each condition was assigned a value of zero (Y = 0) if the null 

hypothesis was retained and a value of one (Y = 1) if the null hypothesis was correctly 

rejected. Conversely, for the logistic regression analysis of each null effect, each 

replication was assigned a value of zero (Y = 0) if the null hypothesis was rejected and a 

value of one (Y = 1) if it was retained. For both the null and non-null effects, each 
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replication was assigned a value of one if the 95% confidence interval contained the 

parameter value and a value of zero otherwise.  

The proportion of variance explained measure that was used to assess the practical 

significance of the main effects and two-way interactions is McFadden’s (1974)   
 , or 

pseudo   , which is calculated as 

2
2 .

2ln( )
L

baseline

R
L





                                         (3.28) 

   is the difference between the −2 log-likelihood statistics of the model containing all 

the study conditions and a nested model with the condition of interest removed, and 

          is the likelihood function for the model with just the intercept term. Like the 

cut-off for   
 , practical significance was defined as a   

  value of at least 0.01. 

Study 2 

 Study 2 extends the three-level random-intercept MVMM in Study 1 to include 

cross-level interactions and slope variances, resulting in a fully-conditional model. 

Almost all other aspects of the study, including the generating conditions, estimation 

method, and analyses, were identical to those for Study 1.  

Generating Conditions  

 The generating conditions for Study 2 were as follows: number of outcome 

measures (2, 3), correlation between pairs of outcome measures (.5, .7), number of 

clusters (30, 50, 100), cluster size (5, 30), and residual intraclass correlation (.10, .30). 

Initially, the levels of number of outcome measures were the same as those for Study 1. 

However, the model with five outcomes proved to be too computationally intensive given 
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the large number of variances and covariances that needed to be estimated. Therefore, the 

number of outcomes was reduced to two. 

Generation and Estimation 

 SAS 9.4 was used to generate the data and estimate the fixed effects and variance 

components according to the generating and estimating models described below. 

Generating models. Three-level fully-conditional MVMMs with two and with 

three outcomes are expressed below:  

 
                                                    
                                                    

      (3.29) 

 

                                                    
                                                    
                                                   

      (3.30) 

Fixed effects. Values for the main effects and cross-level interactions were set to 

zero for the first outcome in order to assess type I error rates. The remaining values for 

the X coefficients were 2.0 and 2.5, and the remaining values for the Z coefficients and 

cross-level interactions were 3.0 and 3.5. Finally, a value of 50 was assigned to all the 

intercepts. Table 3.14 lists the parameter values for the coefficients and their 

corresponding Cohen’s d effect sizes. 
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Table 3.14 

 

Generating Parameter Values and Corresponding Cohen’s d for the Fixed Effects  

 

Outcom

e 

 X Coefficient  Z Coefficient  Cross-Level 

Interaction 

h                                                 

1  0 0 0  0 0 0  0 0 0 

2  2.0 0.20 0.18  3.0 0.30 0.26  3.0 0.30 0.26 

3  2.5 0.27 0.23  3.5 0.37 0.33  3.5 0.37 0.33 

Note.      = Cohen’s d when ICC is equal to 0.1;      Cohen’s d when ICC is equal to 

0.3.  

 

 

Variance components. Tables 3.15 and 3.16 show the generating values for the 

variances and covariances. The slope variances,      and     , were smaller than the 

intercept variances by a factor of 0.10, as was done in the two-level HLM study by 

Bassiri (1988). The covariances between the intercepts and slopes were assumed to be 

zero, following the two-level HLM studies by Bassiri (1988), Maas and Hox (2004, 

2005), and Mathieu et al., (2012). The slope-slope covariances were also assumed to be 

zero for the sake of simplicity.  
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Table 3.15 

 

Generating Parameter Values for the Level-2 and Level-3 Variances  

 

Parameters  ICC = 0.1  ICC = 0.3 

Level-2 variances     

var(  )  100  100 

var(  )  90  90 

var(  )  80  80 

Level-3 intercept 

variances 

    

var(   )  11.11  42.86 

var(   )  10.00  38.57 

var(   )  8.89  34.29 

Level-3 slope variances     

var(   )  1.11  4.29 

var(   )  1.00  3.86 

var(   )  0.89  3.43 

Note. ICC = intraclass correlation coefficient.  

 

 

 

 

Table 3.16 

 

Generating Parameter Values for the Level-2 and Level-3 Intercept Covariances  

 

  ICC = 0.1  ICC = 0.3 

Parameters    = .5   = .7    = .5   = .7 

Level-2       

cov(  ,   )  47.43 66.41  47.43 66.41 

cov(  ,   )  44.72 62.61  44.72 62.61 

cov(  ,   )  42.43 59.40  42.43 59.40 

Level-3       

cov(   ,    )  5.27 7.38  20.33 28.46 

cov(   ,    )  4.97 6.96  19.17 26.83 

cov(   ,    )  4.71 6.60  18.18 25.46 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes.  
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Explanatory and outcome variables. The values of     and    were set to zero if 

a number randomly drawn from a uniform [0,1]  distribution was less than or equal to .5; 

otherwise, they were set to one (see Study 1). The variable     was group-mean centered, 

and the centered value was multiplied by the value of    to obtain the values of the cross-

level interactions. The value of each outcome variable was obtained by inserting the 

values for the fixed effects, residuals, group-mean centered level-2 explanatory variable, 

level-3 explanatory variable, and cross-level interaction into the equations for the 

generating models. 

Estimating models. The three-level MVMMs in Equations 3.29 and 3.30 and a 

series of univariate HLMs were used to estimate the multilevel parameters in each 

condition. To match the MVMMs, the single-equation univariate HLM model for each 

outcome was: 

                                                         (3.31) 

Estimation method. As in Study 1, restricted maximum likelihood (REML), 

rather than full information maximum likelihood (FIML) was used because of its superior 

performance when sample sizes are small. 

Analyses 

 Descriptive and inferential analyses were conducted on 1,000 sets of converged 

model estimates in each condition, as described below. Any non-converged model 

estimates were excluded from these analyses.  
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Convergence. For each condition, the number of replications needed to attain 

1,000 sets of converged model estimates and the number of replications for which 

estimation failed to converge was recorded. 

Parameter bias, relative parameter and standard error bias. Parameter bias, 

relative parameter bias and relative standard error bias were calculated in each of the 48 

conditions to evaluate the accuracy of the parameter and standard error estimates from 

the MVMM and HLM models (see Equations 3.24, 3.25, and 3.26). According to 

Hoogland and Boomsma (1998), values less than a magnitude of 0.05 and 0.1 for relative 

parameter and standard error bias, respectively, are considered acceptable. 

95% confidence interval coverage. The precision of estimates of the fixed 

effects were assessed with empirical 95% confidence interval coverage rates, with 

acceptable rates defined as those within Bradley’s (1978) recommended lower and upper 

bounds of 92.5% to 97.5%. Empirical coverage rates were calculated as the proportion of 

replications in each condition in which the 95% confidence interval captured the true 

parameter value. 

Power and type I error rate. Empirical power and type I error rates were 

calculated for each non-null and null effect of    ,   , and      . For power, the number 

of replications for which each null hypothesis of no effect was correctly rejected at alpha 

= .05 was divided by the number of replications per condition. For type I error, the 

number of times the null hypothesis of no effect was rejected at alpha = .05 was divided 

by the number of replications per condition. 
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Analysis of variance and logistic regression. As in Study 1, separate analysis of 

variance (ANOVA) and logistic regression procedures were conducted with the number 

of outcomes, correlation between pairs of outcomes, number of clusters, cluster size, 

residual intraclass correlation, and their two-way interactions as the independent 

variables. For the ANOVA analyses, the dependent variables were parameter bias, 

relative parameter bias, and relative standard error bias. For the logistic regression 

analyses, and for scenarios with non-null effects, the dependent variable was the natural 

log of the odds of correctly rejecting the relevant null hypothesis. For null effects, the 

dependent variable was the natural log of the odds of retaining the null hypothesis. The 

practical significance of the main and two-way interaction effects were assessed for the 

ANOVA and logistic regression analyses by evaluating the partial eta squared (  
 ) effect 

size and McFadden’s (1974) pseudo    (  
 ) measures, respectively, with values of at 

least .01 regarded as a non-trivial effect. 
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Chapter 4: Results 

 This chapter presents the Study 1 and Study 2 results in terms of the resulting 

parameter bias (PB), relative parameter bias (RPB), relative standard error bias (RSEB), 

95% confidence interval (CI) coverage, type I error rates, and power rates from the 

MVMM and HLM analyses of 1,000 sets of converged estimates. The criteria for 

acceptable results that were used are as follows: RPBs with a magnitude less than 0.05 

(Hoogland & Boomsma, 1998), RSEBs with a magnitude less than 0.10 (Hoogland & 

Boomsma, 1998), 95% CI coverage rates between 92.5% and 97.5% (Bradley, 1978), 

type I error rates between .025 and .075 (Bradley, 1978), and power rates greater than 

0.70 as well as 0.80. Because there is no recommended cut-off for PB, calculated values 

serve primarily as an indicator of the relative performance of MVMM and HLM.  

Relevant findings from ANOVA and logistic regression analyses are also 

presented. Mean partial eta squared (  
 ) and pseudo R

2
 (  

 ) values of at least 0.01 

indicated significant main or two-way interaction effects of the study conditions on the 

descriptive measures listed above. 

Study 1 

 In most cases, Study 1 results were identical to the third decimal place for 

MVMM and HLM estimates. Therefore, unless otherwise stated, the findings described 

below pertain to both MVMM and HLM. 

Convergence  

 The number of replications needed in each condition to obtain 1,000 sets of 

converged estimates is listed in Table 4.1. Overall, convergence was not a problem in any 
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of the conditions with a cluster size of 30, and only minimally problematic in the 

conditions with an intraclass correlation coefficient (ICC) of 0.3. However, in the 

conditions with the smaller cluster size of five and the smaller ICC value of 0.1, non-

convergence in the form of negative level-3 variance estimates resulted in the need for 

additional replications. The number of additional replications was greatest with 30 

clusters and decreased as the number of clusters increased.  
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Table 4.1 

Number of Replications Needed to Obtain 1,000 Sets of Converged Estimates 

ICC   
c    Three 

Outcomes 

Five Outcomes 

0.1 0.5 30 5 1270 1492 

30 1000 1000 

50 5 1103 1175 

30 1000 1000 

100 5 1014 1016 

30 1000 1000 

0.7 30 5 1285 1381 

30 1000 1000 

50 5 1086 1144 

30 1000 1000 

100 5 1017 1021 

30 1000 1000 

0.3 0.5 30 5 1002 1003 

30 1000 1000 

50 5 1000 1000 

30 1000 1000 

100 5 1000 1000 

30 1000 1000 

0.7 30 5 1001 1000 

30 1000 1000 

50 5 1000 1000 

30 1000 1000 

100 5 1000 1000 

30 1000 1000 

Note. Boldfaced values indicate convergence issues; ICC = intraclass correlation 

coefficient;   = correlation between pairs of outcomes; c = number of clusters;    = 

cluster size. 
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Intercepts,       

Relative parameter bias (RPB). Relative parameter bias of estimates of the 

intercepts ranged from –0.002 to 0.002. The magnitudes of these RPB values are 

considerably less than 0.05, indicating that estimates of the intercepts were not 

substantially biased across all conditions. 

Relative standard error bias (RSEB). Estimates of the standard errors were also 

not substantially biased across all conditions, with RSEB values ranging from –0.060 to 

0.074. Table 4.2 lists the RSEBs of estimates of      and     . 
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Table 4.2 

Relative Standard Error Bias (RSEB) of Estimates of the Intercepts      and      

 

    Three Outcomes  Five Outcomes 

ICC   c                         

0.1 0.5 30 5 –0.001 0.014  0.022 0.040 

30 –0.028 –0.028  0.007 0.018 

50 5 –0.027 –0.013  –0.014 0.015 

30 0.035 0.010  0.019 0.017 

100 5 –0.009 –0.015  0.014 0.000 

30 –0.039 –0.055  –0.007 –0.014 

0.7 30 5 0.017 0.020  0.002 0.037 

30 –0.013 –0.013  –0.028 –0.052 

50 5 0.004 0.007  –0.008 –0.006 

30 0.033 0.011  –0.007 –0.011 

100 5 –0.020 0.000  –0.009 0.074 

30 0.015 –0.018  0.025 0.000 

0.3 0.5 30 5 –0.013 –0.002  –0.014 0.029 

30 0.027 0.005  –0.028 –0.015 

50 5 –0.023 –0.007  0.006 –0.009 

30 –0.009 –0.008  –0.001 0.009 

100 5 0.004 –0.015  0.035 –0.026 

30 –0.002 0.010  0.003 0.001 

0.7 30 5 –0.037 –0.049  –0.016 –0.026 

30 –0.027 –0.001  –0.008 0.027 

50 5 0.022 0.031  –0.052 –0.036 

30 –0.006 –0.012  –0.024 –0.047 

100 5 0.018 –0.014  0.011 0.011 

30 0.034 0.008  0.003 –0.031 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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95% confidence interval coverage. Empirical coverage rates of the nominal 

95% confidence interval were all acceptable, ranging from 92.5% to 96.6% for MVMM 

estimates and from 93.2% to 97.0% for HLM estimates across all conditions. Table 4.3 

lists the coverage rates for MVMM estimates of      and     . 
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Table 4.3 

95% Confidence Interval Coverage for MVMM Estimates of the Intercepts      and      

 

    Three Outcomes  Five Outcomes 

ICC   c                         

0.1 0.5 30 5 0.946 0.960  0.948 0.953 

30 0.942 0.938  0.960 0.949 

50 5 0.946 0.939  0.947 0.951 

30 0.962 0.954  0.949 0.952 

100 5 0.950 0.950  0.953 0.953 

30 0.945 0.933  0.941 0.948 

0.7 30 5 0.950 0.948  0.946 0.962 

30 0.940 0.951  0.934 0.929 

50 5 0.949 0.948  0.948 0.949 

30 0.961 0.950  0.940 0.941 

100 5 0.933 0.958  0.951 0.963 

30 0.956 0.941  0.956 0.945 

0.3 0.5 30 5 0.944 0.951  0.934 0.947 

30 0.954 0.945  0.937 0.946 

50 5 0.938 0.947  0.949 0.944 

30 0.944 0.952  0.951 0.950 

100 5 0.950 0.951  0.957 0.948 

30 0.947 0.954  0.948 0.943 

0.7 30 5 0.931 0.935  0.941 0.934 

30 0.932 0.952  0.941 0.952 

50 5 0.949 0.951  0.937 0.941 

30 0.949 0.944  0.938 0.936 

100 5 0.947 0.944  0.950 0.954 

30 0.958 0.941  0.949 0.940 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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X Coefficients,       

Parameter bias (PB). Parameter bias of estimates of the null effect,     , ranged 

from    –0.092 to 0.093, as shown in Table 4.4. 
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Table 4.4 

Parameter Bias (PB) of Estimates of the Null X Coefficient 

 

    Three Outcomes  Five Outcomes 

ICC   c               

0.1 0.5 30 5 –0.017   0.003  

30 0.031   –0.041  

50 5 0.003   0.035  

30 0.015   –0.019  

100 5 –0.014   0.017  

30 0.004   0.011  

0.7 30 5 0.005   –0.066  

30 0.003   –0.030  

50 5 –0.049   –0.006  

30 –0.015   0.004  

100 5 –0.026   –0.042  

30 0.003   –0.005  

0.3 0.5 30 5 0.076   –0.030  

30 –0.036   0.022  

50 5 0.047   –0.061  

30 0.011   0.006  

100 5 0.093   0.049  

30 0.009   –0.009  

0.7 30 5 –0.092   –0.044  

30 –0.026   –0.026  

50 5 –0.001   –0.003  

30 0.004   –0.019  

100 5 0.011   –0.049  

30 0.012   0.013  

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Relative parameter bias (RPB). Relative parameter bias of estimates of the non-

null effects ranged from –0.039 to 0.039, indicating that estimates of      to      were 

not substantially biased across all conditions. Table 4.5 lists the RPBs of estimates of 

     and     . 
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Table 4.5 

 

Relative Parameter Bias (RPB) of Estimates of the Non-Null X Coefficients      and      

 

    Three Outcomes  Five Outcomes 

ICC   c                         

0.1 0.5 30 5 –0.005 –0.022  –0.010 –0.024 

30 –0.004 0.006  –0.014 –0.008 

50 5 0.016 –0.004  0.011 0.030 

30 0.012 0.000  –0.002 –0.002 

100 5 –0.021 –0.015  –0.006 –0.005 

30 0.002 0.002  0.006 0.001 

0.7 30 5 –0.010 –0.017  –0.013 –0.024 

30 0.000 0.001  –0.015 –0.010 

50 5 0.005 –0.005  0.009 –0.002 

30 –0.007 –0.007  –0.009 –0.002 

100 5 –0.018 –0.017  –0.022 0.002 

30 –0.002 0.000  –0.002 –0.003 

0.3 0.5 30 5 0.004 –0.015  –0.030 0.000 

30 0.008 0.000  0.010 0.001 

50 5 0.028 0.007  –0.015 –0.019 

30 0.009 0.008  0.002 0.000 

100 5 0.013 0.001  0.024 0.003 

30 –0.005 –0.001  0.004 0.003 

0.7 30 5 –0.032 –0.039  –0.008 –0.003 

30 0.003 –0.002  –0.018 –0.004 

50 5 –0.023 0.005  0.039 –0.014 

30 –0.003 0.001  0.005 0.007 

100 5 0.024 0.009  –0.019 –0.015 

30 0.007 0.002  0.005 0.005 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Relative standard error bias (RSEB). The standard errors of estimates of      

to      were also not substantially biased across all conditions, with RSEB values 

ranging from  –0.057 to 0.042. Table 4.6 lists the RSEBs of estimates of       and     . 
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Table 4.6 

Relative Standard Error Bias (RSEB) of Estimates of the X Coefficients      and      

 

    Three Outcomes  Five Outcomes 

ICC   c                         

0.1 0.5 30 5 –0.005 –0.009  0.012 0.015 

30 0.006 0.013  –0.027 0.001 

50 5 –0.029 –0.017  0.032 0.025 

30 –0.034 0.022  –0.012 –0.025 

100 5 –0.006 –0.021  –0.019 –0.016 

30 0.027 0.033  0.035 –0.026 

0.7 30 5 0.006 0.017  –0.036 –0.038 

30 0.010 –0.015  0.000 –0.007 

50 5 0.026 –0.006  –0.025 –0.008 

30 –0.020 –0.002  –0.003 –0.030 

100 5 –0.005 –0.012  0.017 –0.049 

30 0.003 0.015  0.005 0.017 

0.3 0.5 30 5 –0.017 0.015  –0.013 0.028 

30 –0.035 –0.005  –0.011 –0.027 

50 5 0.007 0.028  0.004 0.007 

30 –0.004 0.031  –0.035 0.013 

100 5 0.033 0.020  –0.002 0.004 

30 –0.014 0.017  –0.001 –0.019 

0.7 30 5 0.021 –0.010  0.009 0.004 

30 –0.023 –0.017  0.000 0.041 

50 5 0.004 0.024  –0.003 0.038 

30 0.021 0.005  0.014 0.023 

100 5 –0.026 0.007  –0.024 –0.021 

30 –0.023 0.029  –0.016 –0.022 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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95% confidence interval coverage. Empirical coverage rates of      to      

were all acceptable, as they fell within the lower bound of 92.5% and the upper bound of 

97.5%.  These rates ranged from 92.9% to 96.7% for MVMM estimates and from 93.0% 

to 96.9% for HLM estimates. Table 4.7 lists the coverage rates for MVMM estimates of 

     and     . 
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Table 4.7 

95% Confidence Interval Coverage for MVMM Estimates of the X Coefficients      and 

     
 

    Three Outcomes  Five Outcomes 

ICC   c                         

0.1 0.5 30 5 0.947 0.955  0.951 0.947 

30 0.960 0.951  0.945 0.947 

50 5 0.938 0.943  0.949 0.959 

30 0.946 0.955  0.951 0.950 

100 5 0.949 0.943  0.937 0.956 

30 0.954 0.950  0.956 0.943 

0.7 30 5 0.958 0.959  0.935 0.941 

30 0.953 0.947  0.952 0.949 

50 5 0.949 0.953  0.950 0.950 

30 0.944 0.952  0.945 0.947 

100 5 0.951 0.945  0.951 0.929 

30 0.953 0.954  0.951 0.951 

0.3 0.5 30 5 0.939 0.951  0.948 0.959 

30 0.947 0.945  0.943 0.945 

50 5 0.954 0.955  0.949 0.952 

30 0.948 0.949  0.937 0.949 

100 5 0.950 0.961  0.951 0.955 

30 0.948 0.960  0.954 0.949 

0.7 30 5 0.954 0.944  0.939 0.959 

30 0.939 0.947  0.948 0.954 

50 5 0.954 0.959  0.954 0.950 

30 0.950 0.951  0.948 0.950 

100 5 0.946 0.945  0.946 0.952 

30 0.951 0.956  0.937 0.947 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Type I error. Empirical type I error rates for tests of      ranged from 0.040 to 

0.065 for MVMM estimates and from 0.040 to 0.063 for HLM estimates. These values 

indicate that tests of the null effect were robust across all conditions. Table 4.8 lists the 

type I error rates for tests of the MVMM estimates of     . 
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Table 4.8 

Type I Error Rates for Tests of MVMM Estimates of the Null X Coefficient 

 

    Three Outcomes  Five Outcomes 

ICC   c               

0.1 0.5 30 5 0.053   0.049  

30 0.040   0.055  

50 5 0.062   0.051  

30 0.054   0.049  

100 5 0.051   0.063  

30 0.046   0.044  

0.7 30 5 0.042   0.065  

30 0.047   0.048  

50 5 0.051   0.050  

30 0.056   0.055  

100 5 0.049   0.049  

30 0.047   0.049  

0.3 0.5 30 5 0.061   0.052  

30 0.053   0.057  

50 5 0.046   0.051  

30 0.052   0.063  

100 5 0.050   0.049  

30 0.052   0.046  

0.7 30 5 0.046   0.061  

30 0.061   0.052  

50 5 0.046   0.046  

30 0.050   0.052  

100 5 0.054   0.054  

30 0.049   0.063  

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Power. For the power of tests of each of the non-null effects, the general pattern 

of results is shown in Table 4.9, which lists the power rates from the MVMM with five 

outcomes. Across all effects, power rates exceeded 0.80 in the conditions with a cluster 

size of 30, ranging from 0.818 to 1.000 for MVMM estimates and from 0.817 to 1.000 

for HLM estimates. However, the power of tests of      deteriorated substantially across 

all conditions with a cluster size of five, reaching only as high as 0.571 for MVMM 

estimates and 0.567 for HLM estimates. As discussed in Chapter 3, the Cohen’s d effect 

sizes for      in the data generating models were 0.18 and 0.20 when ICC equaled 0.3 

and 0.1, respectively   (     = 0.18 and     = 0.20). 

For tests of      (     = 0.23 and      = 0.27), power rates also fell below 0.80 in 

all conditions with a cluster size of five but exceeded 0.70 with 100 clusters. In the 

conditions with 30 and 50 clusters, power ranged from 0.309 to 0.541 for MVMM 

estimates and from 0.307 to 0.540 for HLM estimates.  

For tests of      (     = 0.30 and      = 0.34), power rates lower than 0.80 were 

found in the conditions with a cluster size of five and fewer than 100 clusters; however, 

power generally exceeded 0.70 with at least 50 clusters. In the conditions with 30 

clusters, power ranged from 0.505 to 0.519 for MVMM estimates and from 0.497 to 

0.514 for HLM estimates.  

For tests of      (     = 0.39 and      = 0.44), power exceeded 0.80 with a cluster 

size of five when paired with at least 50 clusters. In the conditions with 30 clusters, 

power ranged from 0.673 to 0.705 for MVMM estimates and from 0.667 to 0.699 for 

HLM estimates.   
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Logistic regression results. The power of tests of      was affected by cluster 

size (  
  = 0.046) and number of clusters (  

  = 0.019). As cluster size increased, power 

increased from 0.361 to 0.951 for MVMM estimates and from 0.359 to 0.951 for HLM 

estimates. As number of clusters increased, power increased from 0.542 to 0.776 for 

MVMM estimates and from 0.539 to 0.775 for HLM estimates. The power of tests of 

     was affected only by cluster size (  
  = 0.016). As cluster size increased, power 

increased from 0.540 to 0.995 for MVMM estimates and from 0.538 to 0.995 for HLM 

estimates. None of the study conditions had significant main or two-way interaction 

effects on the power of tests of      or      (  
  = 0.001 to 0.005). 
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Table 4.9 

 

Statistical Power of Tests of MVMM Estimates of the Non-Null X Coefficients 

 

    Five Outcomes 

ICC   c                        

0.1 0.5 30 5 0.212 0.309 0.514 0.705 

30 0.861 0.987 1.000 1.000 

50 5 0.319 0.541 0.753 0.905 

30 0.981 0.999 1.000 1.000 

100 5 0.545 0.795 0.952 0.988 

30 1.000 1.000 1.000 1.000 

0.7 30 5 0.234 0.321 0.519 0.673 

30 0.861 0.989 1.000 1.000 

50 5 0.332 0.516 0.712 0.886 

30 0.976 1.000 1.000 1.000 

100 5 0.554 0.779 0.949 0.990 

30 1.000 1.000 1.000 1.000 

0.3 0.5 30 5 0.198 0.330 0.505 0.686 

30 0.872 0.989 1.000 1.000 

50 5 0.297 0.482 0.722 0.886 

30 0.980 1.000 1.000 1.000 

100 5 0.568 0.797 0.951 0.992 

30 1.000 1.000 1.000 1.000 

0.7 30 5 0.207 0.333 0.518 0.703 

30 0.877 0.977 0.999 1.000 

50 5 0.320 0.474 0.699 0.885 

30 0.985 1.000 1.000 1.000 

100 5 0.534 0.771 0.935 0.992 

30 1.000 1.000 1.000 1.000 

Note. Boldfaced values indicate power < 0.80; shaded values indicate power < 0.70; ICC 

= intraclass correlation coefficient;   = correlation between pairs of outcomes; c = 

number of clusters;    = cluster size. 
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Z coefficients,       

Parameter bias (PB). Parameter bias of estimates of the null effect,     , ranged 

from    –0.113 to 0.071, as shown in Table 4.10. 
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Table 4.10 

Parameter Bias (PB) of Estimates of the Null Z Coefficient 

    Three Outcomes  Five Outcomes 

ICC   c               

0.1 0.5 30 5 0.000   0.027  

30 –0.007   0.034  

50 5 –0.004   –0.024  

30 –0.040   0.057  

100 5 0.048   0.027  

30 0.017   –0.005  

0.7 30 5 –0.013   0.037  

30 –0.036   0.004  

50 5 –0.019   0.049  

30 0.016   0.017  

100 5 –0.005   –0.001  

30 0.023   0.015  

0.3 0.5 30 5 –0.074   0.012  

30 –0.113   0.040  

50 5 0.071   –0.049  

30 –0.045   –0.001  

100 5 0.071   –0.013  

30 0.007   –0.050  

0.7 30 5 0.020   –0.100  

30 –0.062   –0.020  

50 5 –0.053   0.010  

30 –0.011   –0.040  

100 5 0.023   –0.082  

30 0.067   0.015  

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Relative parameter bias (RPB). The magnitudes of the relative parameter bias 

of estimates of the non-null effects,      to       were less than 0.05 (RPB = −0.043 to 

0.033) except in the condition with five outcomes, an ICC of 0.3, correlations of 0.7, and 

sample size combinations of 30 clusters and a cluster size of five (30/5). In this condition, 

estimates of      were substantially underestimated by an average of 5.3% (RPB = 

−0.053). Table 4.11 lists the RPBs of estimates of      and     . 

ANOVA results. None of the study conditions had significant main or two-way 

interaction effects on the accuracy of estimates of the non-null Z coefficients, as   
  

values were all close to 0.000. 
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Table 4.11 

Relative Parameter Bias (RPB) of Estimates of the Z Coefficients      and      

    Three Outcomes  Five Outcomes 

ICC   c                         

0.1 0.5 30 5 –0.006 0.009  –0.030 –0.026 

30 0.006 –0.002  0.000 –0.007 

50 5 –0.004 –0.002  –0.002 0.008 

30 –0.009 –0.009  0.002 0.009 

100 5 0.012 –0.001  0.006 0.015 

30 0.004 0.002  –0.002 –0.008 

0.7 30 5 –0.008 –0.017  –0.008 –0.014 

30 –0.009 –0.010  0.008 0.007 

50 5 –0.005 –0.001  –0.011 –0.006 

30 –0.004 –0.001  0.002 0.011 

100 5 –0.007 –0.008  0.008 0.013 

30 0.013 0.003  –0.008 –0.007 

0.3 0.5 30 5 0.003 –0.012  0.003 0.021 

30 –0.034 –0.043  0.033 0.004 

50 5 0.005 –0.009  –0.002 –0.011 

30 –0.001 –0.011  –0.007 0.002 

100 5 0.011 0.013  0.011 0.024 

30 –0.020 –0.004  0.011 –0.019 

0.7 30 5 0.003 0.006  –0.053 0.000 

30 0.010 –0.006  –0.034 0.003 

50 5 –0.012 –0.014  –0.025 –0.005 

30 –0.007 –0.006  –0.003 –0.019 

100 5 –0.018 0.000  0.003 –0.007 

30 0.003 0.010  0.006 0.023 

Note. Boldfaced values indicate substantial bias (|RPB| > 0.05); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 

 

 

  



 

98 

 

Relative standard error bias (RSEB). Standard errors of estimates of the Z 

coefficients were not substantially biased across all conditions, with RSEB values 

ranging from −0.067 to 0.059. Table 4.12 lists the RSEBs of estimates of      and     . 
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Table 4.12 

 

Relative Standard Error Bias (RSEB) of Estimates of the Z Coefficients      and      

 

    Three Outcomes  Five Outcomes 

ICC   c                         

0.1 0.5 30 5 –0.001 0.023  0.016 0.048 

30 0.005 0.009  0.004 –0.025 

50 5 0.014 0.031  –0.043 0.025 

30 0.005 0.004  –0.002 –0.015 

100 5 –0.030 –0.009  –0.013 –0.006 

30 0.016 –0.018  0.018 0.046 

0.7 30 5 0.006 0.020  0.024 0.046 

30 0.003 0.031  –0.014 –0.028 

50 5 0.013 0.000  0.003 0.030 

30 0.030 0.050  –0.002 –0.002 

100 5 –0.003 –0.002  –0.002 0.040 

30 –0.002 0.019  0.032 0.025 

0.3 0.5 30 5 –0.006 –0.012  0.001 0.013 

30 0.016 0.004  –0.009 0.004 

50 5 0.037 0.014  –0.027 –0.024 

30 0.049 –0.031  0.028 0.007 

100 5 0.000 –0.009  0.057 –0.037 

30 0.018 0.059  –0.019 –0.028 

0.7 30 5 0.022 –0.012  0.002 0.005 

30 –0.033 –0.018  –0.034 –0.012 

50 5 –0.006 0.024  –0.033 –0.023 

30 –0.032 –0.016  –0.030 –0.034 

100 5 –0.018 –0.011  –0.035 –0.008 

30 0.013 0.002  0.019 –0.006 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size.  



 

100 

 

95% confidence interval coverage. Empirical coverage rates of      to      

were all acceptable, ranging from 92.7% to 96.1% for MVMM estimates and from 92.7% 

to 96.2% for HLM estimates. Table 4.13 lists the coverage rates for MVMM estimates of 

     and     . 
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Table 4.13 

 

95% Confidence Interval Coverage for MVMM Estimates of the Z Coefficients      and 

     
 

    Three Outcomes  Five Outcomes 

ICC   c                         

0.1 0.5 30 5 0.941 0.945  0.957 0.960 

30 0.940 0.944  0.943 0.946 

50 5 0.952 0.954  0.934 0.952 

30 0.944 0.940  0.941 0.945 

100 5 0.940 0.949  0.948 0.947 

30 0.946 0.946  0.952 0.958 

0.7 30 5 0.942 0.946  0.945 0.953 

30 0.940 0.958  0.941 0.937 

50 5 0.943 0.951  0.953 0.960 

30 0.958 0.960  0.945 0.937 

100 5 0.947 0.949  0.957 0.957 

30 0.946 0.957  0.959 0.958 

0.3 0.5 30 5 0.942 0.941  0.943 0.945 

30 0.935 0.944  0.939 0.941 

50 5 0.953 0.949  0.935 0.930 

30 0.953 0.939  0.960 0.948 

100 5 0.950 0.950  0.959 0.930 

30 0.954 0.957  0.940 0.938 

0.7 30 5 0.950 0.938  0.938 0.949 

30 0.928 0.936  0.943 0.940 

50 5 0.953 0.957  0.934 0.940 

30 0.940 0.937  0.942 0.938 

100 5 0.944 0.954  0.933 0.949 

30 0.952 0.942  0.950 0.952 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size.  
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Type I error. Tests of      were robust across all conditions, as empirical type I 

error rates ranged from 0.040 to 0.072 for MVMM estimates (see Table 4.14) and from 

0.040 to 0.071 for HLM estimates. 
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Table 4.14 

Type I Error Rates for Tests of MVMM Estimates of the Null Z Coefficient 

    Three Outcomes  Five Outcomes 

ICC   c               

0.1 0.5 30 5 0.059   0.043  

30 0.060   0.057  

50 5 0.048   0.066  

30 0.056   0.059  

100 5 0.060   0.052  

30 0.054   0.048  

0.7 30 5 0.058   0.055  

30 0.060   0.059  

50 5 0.057   0.047  

30 0.042   0.055  

100 5 0.053   0.043  

30 0.054   0.041  

0.3 0.5 30 5 0.058   0.057  

30 0.065   0.061  

50 5 0.047   0.065  

30 0.047   0.040  

100 5 0.050   0.041  

30 0.046   0.060  

0.7 30 5 0.050   0.062  

30 0.072   0.057  

50 5 0.047   0.066  

30 0.060   0.058  

100 5 0.056   0.067  

30 0.048   0.050  

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Power. For the power of the tests of      to     , the general pattern of results is 

shown in Table 4.15, which lists the power rates from the MVMM with five outcomes. In 

general, unacceptable empirical power rates were found overwhelmingly in the 

conditions with an ICC of 0.3. In these conditions, the power of tests of      reached 

only as high as 0.649 for MVMM estimates and 0.641 for HLM estimates. However, with 

an ICC of 0.1 and sample sizes of at least 50/30, power increased to acceptable levels, 

ranging from 0.794 to 0.991 for MVMM estimates and from 0.792 to 0.991 for HLM 

estimates. The Cohen’s d effect sizes for      in the data generating models were 0.26 

and 0.30 when ICC equaled 0.3 and 0.1, respectively (     = 0.26 and      = 0.3). 

For tests of      (     = 0.33 and      = 0.37), the conditions with an ICC of 0.3 

and fewer than 100 clusters resulted in power rates no higher than 0.539. With sample 

sizes of 100/30, however, power was consistently greater than 0.70. Power also improved 

with an ICC of 0.1, exceeding 0.90 with sample sizes of at least 50/30.  

For tests of      (     = 0.40 and      = 0.45), power exceeded 0.80 with 100 

clusters but otherwise remained under 0.70 when ICC was equal to 0.3. With an ICC of 

0.1, power exceeded 0.80 with sample sizes of at least 30/30.  

For tests of      (     = 0.49 and      = 0.55), power was greater than 0.70 with 

50 clusters and greater than 0.80 with 100 clusters when ICC was equal to 0.3  With an 

ICC of 0.1, almost all sample size conditions, save the smallest, resulted in power greater 

than 0.80. With sample sizes of 30/5, power was at least 0.766 for MVMM estimates and 

0.760 for HLM estimates.  
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Logistic regression results. Values of   
 , averaged across      to     , indicate a 

significant main effect of ICC (mean   
  = 0.027). As ICC increased, mean power 

decreased from 0.797 to 0.534 for MVMM estimates and from 0.795 to 0.532 for HLM 

estimates. The effect of ICC, however, depended on cluster size (mean   
  = 0.013), as 

shown in Figure 4.1. While power rates were greater, on average, in the conditions with 

an ICC of 0.1 than an ICC of 0.3, the magnitude of the difference increased as cluster size 

increased. 

Number of clusters also had a significant main effect on power (mean   
  = 

0.026). As number of clusters increased, mean power increased from 0.487 to 0.854 for 

MVMM estimates and from 0.484 to 0.853 for HLM estimates.  
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Table 4.15 

 

Statistical Power of Tests of MVMM Estimates of the Non-Null Z Coefficients 

 

    Five Outcomes 

ICC   c                        

0.1 0.5 30 5 0.293 0.445 0.599 0.784 

30 0.618 0.782 0.899 0.983 

50 5 0.494 0.672 0.842 0.952 

30 0.827 0.955 0.996 1.000 

100 5 0.796 0.939 0.988 0.999 

30 0.989 0.999 1.000 1.000 

0.7 30 5 0.321 0.433 0.596 0.766 

30 0.624 0.787 0.918 0.978 

50 5 0.493 0.679 0.833 0.947 

30 0.825 0.947 0.990 1.000 

100 5 0.817 0.934 0.987 0.999 

30 0.989 1.000 1.000 1.000 

0.3 0.5 30 5 0.196 0.301 0.361 0.519 

30 0.274 0.351 0.496 0.643 

50 5 0.290 0.406 0.557 0.724 

30 0.382 0.539 0.699 0.850 

100 5 0.518 0.717 0.866 0.948 

30 0.649 0.784 0.944 0.993 

0.7 30 5 0.178 0.290 0.366 0.486 

30 0.234 0.351 0.470 0.640 

50 5 0.288 0.407 0.574 0.732 

30 0.392 0.521 0.667 0.830 

100 5 0.499 0.673 0.846 0.953 

30 0.622 0.818 0.944 0.990 

Note. Boldfaced values indicate power < 0.80; shaded values indicate power < 0.70; ICC 

= intraclass correlation coefficient;   = correlation between pairs of outcomes; c = 

number of clusters;    = cluster size. 
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Figure 4.1. Intraclass Correlation Coefficient (ICC) and Cluster Size (nc) Interaction 

Effect on the Power of Tests of MVMM Estimates of the Z Coefficients 

 

 

 

Level-2 Variances, var(  )  

 Relative parameter bias (RPB). Estimates of the level-2 variances were not 

substantially biased across all conditions, with RPB values ranging from −0.023 to 0.010. 

Table 4.16 lists the RPBs of estimates of var(  ) and var(  ). 
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Table 4.16 

Relative Parameter Bias (RPB) of Estimates of the Level-2 Variances var(  ) and var(  ) 

    Three Outcomes  Five Outcomes 

ICC   c    var(  ) var(  )  var(  ) var(  ) 

0.1 0.5 30 5 –0.013 –0.011  –0.013 –0.016 

30 0.003 0.001  –0.001 –0.001 

50 5 –0.002 –0.003  –0.002 –0.008 

30 0.000 –0.001  0.000 –0.001 

100 5 0.000 –0.006  0.002 0.000 

30 –0.001 0.000  –0.001 0.000 

0.7 30 5 –0.010 –0.017  –0.020 –0.023 

30 –0.001 0.000  –0.002 0.001 

50 5 0.001 0.000  0.003 –0.005 

30 –0.002 0.000  0.001 –0.001 

100 5 –0.002 –0.002  0.001 –0.002 

30 –0.002 –0.001  0.000 0.001 

0.3 0.5 30 5 0.005 0.002  0.007 0.007 

30 –0.001 0.000  0.000 0.000 

50 5 –0.002 –0.003  –0.002 0.005 

30 0.000 –0.001  0.000 –0.001 

100 5 0.004 0.000  0.000 –0.002 

30 –0.001 0.000  0.002 0.001 

0.7 30 5 0.001 0.002  –0.004 –0.013 

30 –0.002 –0.001  0.000 –0.001 

50 5 0.000 –0.002  0.001 0.002 

30 0.000 –0.001  0.000 0.000 

100 5 –0.001 0.000  0.000 0.002 

30 –0.001 0.000  0.001 0.001 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Relative standard error bias (RSEB). Estimates of the standard errors were also 

not substantially biased, with RSEB values ranging from −0.055 to 0.071. Table 4.17 lists 

the RSEBs of estimates of var(  ) and var(  ). 
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Table 4.17 

Relative Standard Error Bias (RSEB) of Estimates of the Level-2 Variances var(  ) and 

var(  ) 

 

    Three Outcomes  Five Outcomes 

ICC   c    var(  ) var(  )  var(  ) var(  ) 

0.1 0.5 30 5 0.035 0.009  0.020 0.033 

30 0.027 0.046  –0.014 –0.030 

50 5 0.030 –0.003  0.016 0.003 

30 –0.012 0.027  –0.003 0.000 

100 5 0.026 0.025  0.016 0.010 

30 0.013 0.015  –0.028 –0.002 

0.7 30 5 0.041 0.027  –0.007 –0.001 

30 0.040 0.055  –0.011 –0.007 

50 5 0.044 0.029  0.018 0.001 

30 0.039 –0.011  –0.006 0.029 

100 5 0.017 0.030  –0.021 0.040 

30 –0.032 0.018  0.016 –0.005 

0.3 0.5 30 5 0.019 –0.009  –0.023 –0.016 

30 0.027 –0.012  –0.009 0.010 

50 5 –0.051 0.012  0.019 –0.034 

30 –0.014 0.017  0.006 0.043 

100 5 –0.026 –0.050  0.024 –0.018 

30 –0.002 –0.007  0.017 –0.017 

0.7 30 5 0.013 –0.022  0.018 0.007 

30 –0.012 0.015  –0.001 0.064 

50 5 0.021 –0.035  –0.001 0.025 

30 –0.018 –0.016  –0.003 –0.009 

100 5 0.045 –0.005  0.002 0.052 

30 0.026 0.024  0.071 –0.004 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size.  
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Level-2 Covariances, cov(      ) 

 Relative parameter bias (RPB). MVMM estimates of the level-2 covariances 

were not substantially biased across all conditions, with RPB values ranging from −0.032 

to 0.015. Table 4.18 lists the RPBs of estimates of cov(     ) and cov(     ). 
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Table 4.18 

Relative Parameter Bias of Estimates of the Level-2 Covariances cov(     ) and 

cov(     ) 

 

    Three Outcomes  Five Outcomes 

ICC   c    cov(     ) cov(     )  cov(     ) cov(     ) 

0.1 0.5 30 5 –0.020 –0.026  –0.026 –0.013 

30 0.003 0.002  –0.001 –0.002 

50 5 0.000 –0.009  –0.014 –0.006 

30 –0.001 –0.001  0.000 0.001 

100 5 –0.005 –0.001  0.004 0.004 

30 –0.002 –0.002  –0.001 0.000 

0.7 30 5 –0.021 –0.022  –0.032 –0.029 

30 0.000 0.001  –0.001 –0.001 

50 5 0.001 –0.001  –0.003 0.001 

30 –0.001 –0.001  0.001 0.001 

100 5 –0.001 –0.001  –0.001 0.001 

30 –0.002 –0.002  0.000 0.001 

0.3 0.5 30 5 0.003 0.006  0.015 0.004 

30 0.001 0.000  0.001 0.000 

50 5 –0.008 –0.002  0.003 0.000 

30 0.000 0.000  –0.002 0.003 

100 5 0.008 0.006  0.002 –0.006 

30 0.001 –0.001  0.003 0.002 

0.7 30 5 0.003 0.003  –0.011 –0.006 

30 –0.001 0.000  0.000 –0.001 

50 5 –0.005 –0.001  0.002 0.004 

30 0.000 0.001  0.000 0.001 

100 5 0.000 0.000  0.002 –0.002 

30 0.000 0.000  0.001 0.001 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Relative standard error bias (RSEB). Estimates of the standard errors were also 

not substantially biased, with RSEB values ranging from −0.066 to 0.064. Table 4.19 lists 

the RSEBs of estimates of cov(     ) and cov(     ). 
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Table 4.19 

Relative Standard Error Bias (RSEB) of MVMM Estimates of the Level-2 Covariances 

cov(     ) and cov(     ) 

 

    Three Outcomes  Five Outcomes 

ICC   c    cov(     ) cov(     )  cov(     ) cov(     ) 

0.1 0.5 30 5 0.027 0.022  0.004 –0.012 

30 0.039 0.040  –0.028 0.004 

50 5 0.022 0.012  0.053 0.023 

30 0.015 –0.011  0.017 0.007 

100 5 0.007 –0.031  0.003 –0.009 

30 –0.022 –0.013  –0.031 –0.028 

0.7 30 5 0.057 0.019  –0.010 –0.009 

30 0.059 0.056  0.003 0.007 

50 5 0.039 0.028  0.010 0.022 

30 0.004 0.025  –0.010 0.005 

100 5 0.010 0.025  0.018 –0.037 

30 –0.011 –0.034  0.011 0.033 

0.3 0.5 30 5 0.001 –0.033  –0.017 0.005 

30 0.008 0.033  0.020 0.000 

50 5 –0.057 –0.066  –0.015 0.028 

30 –0.021 –0.050  –0.001 –0.015 

100 5 –0.043 –0.060  0.002 0.012 

30 0.020 0.003  –0.007 0.001 

0.7 30 5 –0.010 0.006  0.002 –0.023 

30 –0.009 0.017  0.008 –0.027 

50 5 –0.015 0.010  0.036 0.010 

30 –0.012 –0.033  –0.024 0.000 

100 5 0.009 0.017  0.035 0.001 

30 0.050 0.017  0.020 0.037 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Level-3 Variances, var(   ) 

 Relative parameter bias (RPB). Estimates of the level-3 variances were 

substantially overestimated by 6.9% to 26.4% in the conditions with an ICC of 0.1, a 

cluster size of five, and fewer than 100 clusters. This pattern of results is shown in Table 

4.20, which lists the RPB values for var(   ) and var(   ).  

ANOVA results. None of the study conditions had significant main or two-way 

interaction effects on the accuracy of the estimates, as values of   
 , averaged across all 

five variances, ranged from 0.000 to 0.005. 
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Table 4.20 

Relative Parameter Bias (RPB) of Estimates of the Level-3 Variances var(   ) and  

var(   ) 

 

    Three Outcomes  Five Outcomes 

ICC   c    var(   ) var(   )  var(   ) var(   ) 

0.1 0.5 30 5 0.139 0.170  0.168 0.211 

30 0.003 −0.003  0.020 0.013 

50 5 0.069 0.092  0.090 0.097 

30 0.007 0.009  0.003 0.005 

100 5 −0.004 −0.007  0.041 0.032 

30 −0.005 −0.005  0.005 −0.003 

0.7 30 5 0.190 0.182  0.256 0.264 

30 0.020 0.006  0.006 0.007 

50 5 0.029 0.023  0.122 0.117 

30 −0.014 0.006  0.001 −0.010 

100 5 −0.009 0.010  0.005 0.010 

30 0.008 0.006  −0.005 0.005 

0.3 0.5 30 5 −0.002 0.002  −0.004 0.013 

30 0.001 0.005  −0.020 −0.009 

50 5 0.010 0.001  −0.009 −0.011 

30 −0.009 −0.008  −0.004 −0.009 

100 5 0.003 0.006  −0.003 0.001 

30 0.003 −0.004  0.002 0.006 

0.7 30 5 0.011 −0.010  0.003 0.005 

30 −0.011 −0.001  −0.015 −0.001 

50 5 −0.002 0.001  0.005 0.007 

30 0.003 0.001  0.007 −0.003 

100 5 −0.002 −0.010  −0.004 0.004 

30 0.003 −0.001  0.002 0.002 

Note. Boldfaced values indicate substantial bias (|RPB| > 0.05); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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Relative standard error bias (RSEB). The standard errors were overestimated 

by 10.2% to 25.1% in the conditions with an ICC of 0.1 and mostly with sample sizes of 

30/5. This pattern of results is shown in Table 4.21.  

ANOVA results. There was a significant main effect of ICC on estimates of the 

standard errors (mean   
 =0.013). As ICC increased, mean RSEB decreased from 0.050 

to 0.002. However, the effect of ICC depended on cluster size (mean   
 =0.014) and 

number of clusters (mean   
 =0.010). Figures 4.2 and 4.3 show that, in the conditions 

with a cluster size of five or 30 clusters, the standard error estimates were considerably 

more biased with an ICC of 0.1 than an ICC of 0.3. However, with a cluster size of 30 or 

100 clusters, there was little to no difference in RSEBs between the ICC conditions.  

Cluster size also had a significant main effect on the standard errors (mean 

  
 =0.012). As cluster size increased, mean RSEB decreased from 0.048 to 0.003.  
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Table 4.21 

 

Relative Standard Error Bias (RSEB) of Estimates of the Level-3 Variances var(   ) and  

var(   ) 

 

    Three Outcomes  Five Outcomes 

ICC   c    var(   ) var(   )  var(   ) var(   ) 

0.1 0.5 30 5 0.161 0.129  0.146 0.201 

30 0.032 0.039  0.056 −0.016 

50 5 0.080 0.034  0.090 0.062 

30 0.007 0.021  −0.038 −0.019 

100 5 0.014 0.028  0.002 0.019 

30 −0.045 −0.020  0.004 0.027 

0.7 30 5 0.173 0.167  0.178 0.129 

30 −0.005 −0.003  0.039 0.000 

50 5 0.111 0.079  0.102 0.083 

30 −0.060 0.000  −0.004 0.001 

100 5 0.050 0.044  0.025 0.018 

30 0.009 0.033  0.008 −0.002 

0.3 0.5 30 5 −0.020 0.018  −0.011 −0.006 

30 −0.064 −0.018  0.015 0.036 

50 5 0.019 −0.036  0.021 −0.003 

30 0.043 −0.005  0.027 −0.041 

100 5 −0.013 0.004  0.009 −0.005 

30 −0.027 0.062  0.020 0.012 

0.7 30 5 −0.021 −0.003  0.033 −0.019 

30 −0.005 −0.026  −0.043 −0.054 

50 5 0.017 −0.012  −0.054 −0.008 

30 0.020 0.015  −0.003 −0.032 

100 5 0.021 −0.023  −0.022 0.012 

30 −0.040 −0.026  0.020 −0.017 

Note. Boldfaced values indicate substantial bias (|RSEB| > 0.10); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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Figure 4.2. Intraclass Correlation Coefficient (ICC) and Cluster Size (nc) Interaction 

Effect on the Relative Standard Error Bias of MVMM and Corresponding HLM 

Estimates of the Level-3 Variances 

 

 

 

 

 
 

Figure 4.3. Intraclass Correlation Coefficient (ICC) and Number of Clusters (c) 

Interaction Effect on the Relative Standard Error Bias of MVMM and Corresponding 

HLM Estimates of the Level-3 Variances 

nc = 5 nc = 30 

ICC = 0.1 0.096 0.003 

ICC = 0.3 0.000 0.003 
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Level-3 Covariances, cov(        )  

 Relative parameter bias (RPB). MVMM estimates of the level-3 covariances 

were substantially overestimated by 9.5% to 42.9% in the conditions with an ICC of 0.1, 

a cluster size of five, and generally with fewer than 100 clusters. This pattern of results is 

shown in Table 4.22, which lists the RPB values for cov(       ) and cov(       ).  

ANOVA results. There were no significant main or two-way interaction effects of 

the study conditions on estimates of the covariances, with mean   
  values ranging from 

0.000 to 0.007. 
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Table 4.22 

Relative Parameter Bias (RPB) of Estimates of the Level-3 Covariances cov(       ) 

and cov(       ) 

 

    Three Outcomes  Five Outcomes 

ICC   c    cov(       ) cov(       )  cov(       ) cov(       ) 

0.1 0.5 30 5 0.253 0.302  0.380 0.362 

30 0.016 0.026  0.035 0.025 

50 5 0.121 0.112  0.187 0.175 

30 0.032 0.009  0.017 0.021 

100 5 0.000 0.001  0.058 0.037 

30 −0.008 −0.007  0.008 0.024 

0.7 30 5 0.265 0.291  0.352 0.343 

30 0.016 0.024  0.004 0.007 

50 5 0.038 0.021  0.175 0.166 

30 −0.004 −0.010  −0.007 0.000 

100 5 0.003 −0.015  0.015 0.014 

30 0.010 0.010  −0.001 −0.007 

0.3 0.5 30 5 0.003 −0.001  −0.001 −0.007 

30 −0.004 0.007  −0.029 −0.013 

50 5 0.005 −0.002  −0.023 −0.012 

30 −0.005 −0.001  −0.008 −0.008 

100 5 0.016 0.015  0.008 0.001 

30 0.000 −0.002  0.005 0.000 

0.7 30 5 0.006 0.021  −0.004 0.002 

30 −0.007 −0.009  −0.007 −0.018 

50 5 −0.009 −0.011  0.013 0.014 

30 0.004 0.001  0.002 0.009 

100 5 −0.002 0.000  −0.004 −0.003 

30 0.004 0.005  0.001 0.003 

Note. Boldfaced values indicate substantial bias (|RPB| > 0.05); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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Relative standard error bias (RSEB). The standard errors of estimates of the 

level-3 covariances were overestimated by 10.2% to 22.6% in the conditions with an ICC 

of 0.1, a cluster size of five, and fewer than 100 clusters, as shown in Table 4.23. 

ANOVA results. ICC had the largest main effect on the standard error estimates 

(mean   
 =0.017). As ICC increased, mean RSEB decreased from 0.049 to −0.001. The 

effect of ICC, however, depended on cluster size (mean   
 =0.014) and number of 

clusters (mean   
 =0.013). Figures 4.4 and 4.5 show that standard errors were 

substantially more biased with an ICC of 0.1 than an ICC of 0.3 in the conditions with a 

cluster size of five or 30 clusters, but the difference diminished as sample sizes increased. 

There was also a significant main effect of cluster size on the standard error 

estimates (mean   
 =0.013). As cluster size increased, mean RSEB decreased from 0.046 

to 0.002. However, this effect depended on number of clusters (mean   
 =0.012). As 

shown in Figure 4.6, standard errors were considerably more biased with a cluster size of 

five than a cluster size of 30 in the conditions with 30 clusters. In the conditions with 100 

clusters, the difference was virtually negligible.  
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Table 4.23 

 

Relative Standard Error Bias (RSEB) of Estimates of the Level-3 Covariances 

cov(       ) and cov(       ) 

 

    Three Outcomes  Five Outcomes 

ICC   c    cov(       ) cov(       )  cov(       ) cov(       ) 

0.1 0.5 30 5 0.124 0.148  0.106 0.099 

30 0.041 0.014  0.020 0.040 

50 5 0.049 0.060  0.074 0.077 

30 −0.012 0.031  −0.013 0.010 

100 5 0.029 0.015  0.020 0.028 

30 −0.057 −0.011  0.018 0.008 

0.7 30 5 0.181 0.226  0.171 0.191 

30 −0.024 −0.015  0.010 0.026 

50 5 0.092 0.133  0.102 0.142 

30 −0.029 −0.030  0.011 0.022 

100 5 0.063 0.046  0.026 −0.009 

30 0.011 0.007  0.002 0.008 

0.3 0.5 30 5 0.005 −0.011  −0.014 0.001 

30 −0.024 −0.029  −0.031 −0.020 

50 5 −0.011 0.022  0.010 0.019 

30 0.031 0.019  0.018 0.009 

100 5 0.010 −0.016  0.010 0.015 

30 0.031 −0.011  0.017 0.045 

0.7 30 5 −0.037 −0.024  0.013 0.019 

30 −0.033 −0.040  −0.061 −0.060 

50 5 −0.015 0.033  −0.030 −0.031 

30 0.032 0.035  −0.015 0.005 

100 5 −0.009 −0.005  −0.015 −0.010 

30 −0.020 −0.016  0.015 0.015 

Note. Boldfaced values indicate substantial bias (|RSEB| > 0.10); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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Figure 4.4. Intraclass Correlation Coefficient (ICC) and Cluster Size (nc) Interaction 

Effect on the Relative Standard Error Bias of MVMM Estimates of the Level-3 

Covariances 

 

 

 

Figure 4.5. Intraclass Correlation Coefficient (ICC) and Number of Clusters (c) 

Interaction Effect on the Relative Standard Error Bias of MVMM Estimates of the Level-

3 Covariances 
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Figure 4.6. Cluster Size (nc) and Number of Clusters (c) Interaction Effect on the 

Relative Standard Error Bias of MVMM Estimates of the Level-3 Covariances 

 

 

 

Study 2 

 Results from the more parameterized MVMMs and HLMs in Study 2 were 

generally similar to the second or third decimal place. However, there were also a few 

noticeable differences in performance between the two types of models. 

Convergence 

 Non-convergence due to negative intercept and slope variances was problematic 

across all conditions. The number of replications needed to obtain 1,000 sets of 

converged estimates from MVMM and HLM is shown in Table 4.24. MVMM and HLM 

differed somewhat in the number of additional replications needed, with neither 

performing consistently better than the other. Only datasets in which estimates from both 

MVMM and HLM converged were included in the analyses.  
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Table 4.24 

 

Number of Replications Needed to Obtain 1,000 Sets of Converged Estimates 

    Two Outcomes  Three Outcomes 

ICC   c    MVMM HLM  MVMM HLM 

0.1 0.5 30 5 4133 4210  7068 7045 

30 2769 2768  3837 3830 

50 5 3826 3792  5619 5652 

30 2323 2335  3571 3611 

100 5 3388 3445  5140 5216 

30 2007 2003  2670 2656 

0.7 30 5 3678 3694  5074 5169 

30 2483 2484  3287 3271 

50 5 3284 3260  4178 4166 

30 2138 2135  2972 2962 

100 5 2888 2889  4054 4012 

30 1921 1917  2375 2373 

0.3 0.5 30 5 3088 3049  4681 4689 

30 1501 1493  1798 1801 

50 5 2847 2861  4323 4297 

30 1298 1293  1372 1378 

100 5 2496 2490  3739 3803 

30 1087 1083  1130 1131 

0.7 30 5 2889 2873  3792 3765 

30 1480 1485  1728 1734 

50 5 2802 2801  3666 3631 

30 1235 1234  1399 1402 

100 5 2278 2272  3080 3083 

30 1072 1072  1139 1139 

Note. Boldfaced values indicate convergence issues; ICC = intraclass correlation 

coefficient;   = correlation between pairs of outcomes; c = number of clusters;    = 

cluster size. 
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Intercepts,      

 Relative parameter bias (RPB). Relative parameter bias of MVMM and HLM 

estimates of the intercepts ranged from −0.003 to 0.002, which indicate that estimates of 

the intercepts were not substantially biased across all conditions. 

 Relative standard error bias (RSEB). MVMM and HLM estimates of the 

standard errors were also not substantially biased, with RSEB values ranging from 

−0.068 to 0.052, as shown in Table 4.25. 
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Table 4.25 

Relative Standard Error Bias (RSEB) of MVMM and HLM Estimates of the Intercepts 

    Two Outcomes  Three Outcomes 

ICC   c                              

0.1 0.5 30 5 –0.023 –0.008  0.020 –0.007 –0.003 

30 –0.028 –0.023  0.018 0.016 0.012 

50 5 –0.013 –0.004  –0.017 0.049 0.019 

30 0.017 0.011  –0.017 0.000 0.013 

100 5 –0.004 –0.004  –0.004 –0.018 –0.031 

30 0.021 –0.001  –0.013 –0.025 0.018 

0.7 30 5 0.013 0.003  0.039 0.012 –0.009 

30 –0.003 0.008  –0.006 0.007 0.003 

50 5 –0.012 0.009  –0.004 0.010 –0.006 

30 0.036 –0.019  –0.014 –0.017 0.006 

100 5 0.037 0.009  0.003 0.004 0.030 

30 0.027 0.010  –0.005 –0.007 –0.004 

0.3 0.5 30 5 –0.044 –0.068  –0.003 –0.027 –0.020 

30 –0.029 –0.028  –0.012 –0.021 0.017 

50 5 0.006 –0.008  –0.002 0.025 –0.024 

30 0.002 –0.010  –0.052 –0.036 –0.046 

100 5 0.014 0.005  0.009 0.024 0.013 

30 0.030 0.007  –0.015 0.013 0.035 

0.7 30 5 0.003 0.018  0.004 0.002 0.001 

30 –0.035 –0.030  –0.047 –0.030 –0.059 

50 5 –0.010 –0.015  –0.016 –0.008 –0.007 

30 –0.022 –0.009  –0.027 –0.002 0.000 

100 5 0.004 –0.007  –0.010 –0.031 –0.025 

30 –0.027 –0.042  0.020 0.029 0.052 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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95% confidence interval coverage. Empirical coverage rates for MVMM 

estimates were acceptable across all conditions, ranging from 93.2% to 97.0%, except in 

the condition with two outcomes, an ICC of 0.3, correlations of 0.5, and sample size 

combinations of 30 clusters and a cluster size of five (30/5). The coverage rate of      in 

this condition was 92.2%. For HLM estimates, all coverage rates were acceptable, 

ranging from 93.0% to 97.0%. Table 4.26 lists the coverage rates for the MVMM 

estimates. 

 Logistic regression results. None of the study conditions had significant main or 

two-way interaction effects on the confidence interval coverage of the intercepts, as mean 

  
  values were all close to 0.000. 
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Table 4.26 

95% Confidence Interval Coverage for MVMM Estimates of the Intercepts 

    Two Outcomes  Three Outcomes 

ICC   c                              

0.1 0.5 30 5 0.950 0.947  0.958 0.951 0.948 

30 0.943 0.945  0.949 0.949 0.944 

50 5 0.949 0.950  0.950 0.959 0.956 

30 0.948 0.955  0.944 0.949 0.952 

100 5 0.946 0.949  0.949 0.941 0.946 

30 0.949 0.950  0.947 0.951 0.943 

0.7 30 5 0.952 0.946  0.960 0.951 0.950 

30 0.945 0.954  0.944 0.957 0.946 

50 5 0.937 0.948  0.958 0.958 0.946 

30 0.960 0.945  0.946 0.948 0.947 

100 5 0.956 0.957  0.948 0.952 0.954 

30 0.948 0.953  0.950 0.953 0.955 

0.3 0.5 30 5 0.948 0.922  0.951 0.942 0.949 

30 0.942 0.939  0.950 0.942 0.952 

50 5 0.944 0.947  0.949 0.953 0.950 

30 0.949 0.959  0.936 0.951 0.933 

100 5 0.942 0.955  0.951 0.948 0.947 

30 0.959 0.958  0.949 0.948 0.970 

0.7 30 5 0.959 0.954  0.952 0.947 0.950 

30 0.943 0.945  0.932 0.935 0.939 

50 5 0.943 0.947  0.951 0.945 0.945 

30 0.949 0.954  0.941 0.952 0.946 

100 5 0.941 0.945  0.953 0.943 0.951 

30 0.945 0.941  0.957 0.957 0.958 

Note. Boldfaced values indicate confidence interval coverage outside the range of 92.5% 

to 97.5%; ICC = intraclass correlation coefficient;   = correlation between pairs of 

outcomes; c = number of clusters;    = cluster size. 
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X Coefficients,      

 Parameter bias (PB). Parameter bias of MVMM estimates of the null effect, 

    , ranged from −0.109 to 0.195, as shown in Table 4.27. Parameter bias of HLM 

estimates ranged from −0.107 to 0.192. 
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Table 4.27 

Parameter Bias (PB) of MVMM Estimates of the Null X Coefficient 

    Two Outcomes  Three Outcomes 

ICC   c               

0.1 0.5 30 5 0.164   –0.003  

30 –0.018   0.020  

50 5 –0.009   –0.109  

30 0.019   0.001  

100 5 –0.035   0.077  

30 –0.017   0.021  

0.7 30 5 –0.069   –0.018  

30 0.043   –0.067  

50 5 0.018   0.067  

30 –0.009   0.013  

100 5 0.056   –0.015  

30 –0.023   0.001  

0.3 0.5 30 5 0.066   0.195  

30 0.040   0.001  

50 5 0.050   0.037  

30 –0.023   0.034  

100 5 0.069   –0.029  

30 0.013   0.013  

0.7 30 5 –0.007   –0.043  

30 0.030   0.013  

50 5 –0.079   0.077  

30 –0.027   0.004  

100 5 0.021   –0.003  

30 0.006   0.016  

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Relative parameter bias (RPB). Relative parameter bias of estimates of the non-

null effects ranged from −0.032 to 0.046 for MVMM estimates and from −0.034 to 0.050 

for HLM estimates in all conditions except one. In the condition with two outcomes, an 

ICC of 0.1, correlations of 0.7, and sample sizes of 30/5, the relative parameter bias of 

     was substantial, with values of −0.060 and −0.061 for MVMM estimates and HLM 

estimates, respectively. Table 4.28 lists the RPBs of the MVMM estimates. 

 ANOVA results. None of the study conditions had significant main or two-way 

interaction effects on the estimates of the non-null X coefficients, as   
  were all close to 

0.000. 
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Table 4.28 

Relative Parameter Bias (RPB) of MVMM Estimates of the Non-Null X Coefficients 

    Two Outcomes  Three Outcomes 

ICC   c                    

0.1 0.5 30 5 0.036   0.011 0.006 

30 –0.010   0.013 0.003 

50 5 –0.007   0.024 –0.006 

30 –0.007   0.007 0.006 

100 5 –0.001   0.000 0.007 

30 –0.007   0.006 0.008 

0.7 30 5 –0.060   –0.004 –0.003 

30 0.004   –0.024 –0.021 

50 5 0.026   0.035 –0.003 

30 0.006   0.003 0.001 

100 5 0.005   –0.026 0.008 

30 –0.002   –0.002 0.001 

0.3 0.5 30 5 –0.028   –0.032 0.034 

30 0.038   –0.007 –0.018 

50 5 0.035   –0.003 –0.003 

30 0.000   –0.005 0.012 

100 5 0.014   0.014 0.016 

30 0.013   0.001 0.002 

0.7 30 5 0.045   –0.021 –0.014 

30 0.004   0.000 0.010 

50 5 –0.015   0.046 0.020 

30 –0.031   0.010 0.008 

100 5 0.007   –0.012 –0.021 

30 0.000   0.008 0.015 

Note. Boldfaced values indicate substantial bias (|RPB| > 0.05); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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Relative standard error bias (RSEB). Estimates of the standard errors were 

generally not substantially biased in the conditions with an ICC of 0.3. In the conditions 

with an ICC of 0.1, standard error estimates were generally, though not consistently, 

more accurate with 50 or more clusters. This pattern of results is shown in Table 4.29, 

which lists the RSEBs of the MVMM estimates. In the conditions with substantially 

biased standard errors, MVMM estimates were positively biased by 10.1% to 15.8% 

while HLM estimates were positively biased by 10.2% to 17.3%. 

 ANOVA results. Values of   
 , averaged across      to     , indicate that the 

accuracy of the standard error estimates was affected by number of clusters (mean   
  = 

0.021 for MVMM estimates and 0.025 for HLM estimates), cluster size (mean   
  = 0.014 

for MVMM estimates and 0.019 for HLM estimates), and ICC (mean   
  = 0.015 for 

MVMM and HLM estimates). As number of clusters increased, mean RSEB decreased 

from 0.077 to 0.037 for MVMM estimates and from 0.082 to 0.038 for HLM estimates. 

As cluster size increased, mean RSEB decreased from 0.068 to 0.040 for MVMM 

estimates and from 0.073 to 0.040 for HLM estimates. As ICC increased, mean RSEB 

decreased from 0.069 to 0.039 for MVMM estimates and from 0.072 to 0.042 for HLM 

estimates. 
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Table 4.29 

Relative Standard Error Bias (RSEB) of MVMM Estimates of the X Coefficients 

 

    Two Outcomes  Three Outcomes 

ICC   c                              

0.1 0.5 30 5 0.063 0.032  0.101 0.054 0.076 

30 0.081 0.129  0.130 0.086 0.121 

50 5 0.067 0.078  0.116 0.101 0.079 

30 0.004 0.041  0.038 0.081 0.050 

100 5 0.038 0.052  0.055 0.023 0.071 

30 0.034 0.070  0.002 0.020 0.018 

0.7 30 5 0.123 0.086  0.137 0.113 0.158 

30 0.127 0.099  0.044 0.028 0.082 

50 5 0.037 0.045  0.063 0.059 0.065 

30 0.052 0.087  0.040 0.042 0.040 

100 5 0.139 0.111  0.065 0.060 0.072 

30 0.037 0.015  0.066 0.072 0.022 

0.3 0.5 30 5 0.062 0.064  0.061 0.044 0.041 

30 0.015 0.051  0.068 0.043 0.021 

50 5 0.038 0.020  0.036 0.046 0.073 

30 −0.002 0.005  0.052 0.033 0.005 

100 5 0.020 0.052  0.056 0.042 0.017 

30 0.024 0.014  −0.012 0.032 −0.007 

0.7 30 5 0.093 0.094  0.084 0.104 0.104 

30 0.035 0.025  0.035 0.065 0.061 

50 5 0.034 0.025  0.056 0.060 0.085 

30 0.001 0.001  0.020 0.066 0.022 

100 5 0.049 0.089  0.018 0.029 0.042 

30 0.013 0.013  0.023 −0.002 −0.006 

Note. Boldfaced values indicate substantial bias (|RSEB| > 0.10); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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95% confidence interval coverage. Empirical coverage rates of      to      

ranged from 94.6% to 98.1% for MVMM estimates and from 94.7% to 98.5% for HLM 

estimates. For MVMM estimates, there were only two conditions in which the coverage 

rate exceeded the acceptable upper bound of 97.5%, as shown in Table 4.30. For HLM 

estimates, there were three times as many conditions with confidence interval coverage 

that was too conservative (Table 4.31). All of these conditions involved a sample size of 

30 clusters, and the majority involved an ICC of 0.1. 

 Logistic regression results. None of the study conditions had significant main or 

two-way interaction effects on confidence interval coverage, as values of   
  were all 

close to 0.000. 
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Table 4.30 

95% Confidence Interval Coverage for MVMM Estimates of the X Coefficients 

 

    Two Outcomes  Three Outcomes 

ICC   c                              

0.1 0.5 30 5 0.961 0.965  0.968 0.961 0.968 

30 0.960 0.973  0.972 0.965 0.981 

50 5 0.966 0.968  0.969 0.969 0.964 

30 0.946 0.956  0.957 0.956 0.961 

100 5 0.955 0.961  0.963 0.958 0.961 

30 0.956 0.966  0.951 0.962 0.954 

0.7 30 5 0.969 0.972  0.975 0.970 0.980 

30 0.974 0.970  0.961 0.959 0.960 

50 5 0.960 0.958  0.967 0.966 0.970 

30 0.959 0.969  0.959 0.965 0.952 

100 5 0.974 0.971  0.963 0.965 0.962 

30 0.964 0.952  0.959 0.956 0.949 

0.3 0.5 30 5 0.968 0.968  0.964 0.961 0.954 

30 0.957 0.961  0.964 0.961 0.952 

50 5 0.960 0.955  0.960 0.966 0.968 

30 0.946 0.946  0.958 0.955 0.951 

100 5 0.958 0.956  0.963 0.952 0.958 

30 0.952 0.952  0.954 0.952 0.951 

0.7 30 5 0.973 0.972  0.964 0.965 0.967 

30 0.949 0.950  0.957 0.960 0.965 

50 5 0.954 0.958  0.958 0.964 0.959 

30 0.952 0.948  0.955 0.963 0.947 

100 5 0.973 0.967  0.954 0.956 0.955 

30 0.953 0.952  0.949 0.950 0.956 

Note. Boldfaced values indicate confidence interval coverage outside the range of 92.5% 

to 97.5%; ICC = intraclass correlation coefficient;   = correlation between pairs of 

outcomes; c = number of clusters;    = cluster size. 
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Table 4.31 

95% Confidence Interval Coverage for HLM Estimates of the X Coefficients 

 

    Two Outcomes  Three Outcomes 

ICC   c                              

0.1 0.5 30 5 0.967 0.974  0.973 0.968 0.970 

30 0.965 0.975  0.976 0.967 0.985 

50 5 0.970 0.967  0.973 0.968 0.968 

30 0.947 0.958  0.962 0.960 0.967 

100 5 0.955 0.966  0.964 0.959 0.962 

30 0.956 0.968  0.951 0.965 0.955 

0.7 30 5 0.978 0.977  0.977 0.978 0.983 

30 0.976 0.972  0.964 0.961 0.965 

50 5 0.965 0.962  0.974 0.967 0.973 

30 0.962 0.970  0.965 0.966 0.959 

100 5 0.974 0.972  0.964 0.966 0.967 

30 0.965 0.954  0.961 0.957 0.952 

0.3 0.5 30 5 0.973 0.971  0.977 0.972 0.968 

30 0.961 0.965  0.973 0.964 0.958 

50 5 0.963 0.957  0.968 0.969 0.966 

30 0.947 0.948  0.959 0.957 0.957 

100 5 0.958 0.956  0.965 0.955 0.960 

30 0.953 0.952  0.956 0.954 0.954 

0.7 30 5 0.979 0.975  0.973 0.967 0.972 

30 0.952 0.959  0.963 0.963 0.968 

50 5 0.959 0.961  0.963 0.966 0.962 

30 0.955 0.951  0.958 0.966 0.954 

100 5 0.973 0.969  0.957 0.960 0.959 

30 0.954 0.953  0.950 0.951 0.958 

Note. Boldfaced values indicate confidence interval coverage outside the range of 92.5% 

to 97.5%; ICC = intraclass correlation coefficient;   = correlation between pairs of 

outcomes; c = number of clusters;    = cluster size. 
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 Type I error. Empirical type I error rates for tests of      were all acceptable for 

MVMM estimates, ranging from 0.025 to 0.054, as shown in Table 4.32. However, for 

HLM estimates, type I error rates were too conservative in some of the conditions with 30 

clusters, as shown in Table 4.33. 

 Logistic regression results. None of the study conditions had significant main or 

two-way interaction effects on type I error rates, as   
  values were all close to 0.000. 
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Table 4.32 

 

Type I Error Rates for Tests of MVMM Estimates of the Null X Coefficient 

 

    Two Outcomes  Three Outcomes 

ICC   c               

0.1 0.5 30 5 0.039  0.032 

30 0.040  0.028 

50 5 0.034  0.031 

30 0.054  0.043 

100 5 0.045  0.037 

30 0.044  0.049 

0.7 30 5 0.031  0.025 

30 0.026  0.039 

50 5 0.040  0.033 

30 0.041  0.041 

100 5 0.026  0.037 

30 0.036  0.041 

0.3 0.5 30 5 0.032  0.036 

30 0.043  0.036 

50 5 0.040  0.040 

30 0.054  0.042 

100 5 0.042  0.037 

30 0.048  0.046 

0.7 30 5 0.027  0.036 

30 0.051  0.043 

50 5 0.046  0.042 

30 0.048  0.045 

100 5 0.027  0.046 

30 0.047  0.051 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Table 4.33 

 

Type I Error Rates for Tests of HLM Estimates of the Null X Coefficient  

 

    Two Outcomes  Three Outcomes 

ICC   c               

0.1 0.5 30 5 0.033  0.027 

30 0.035  0.024 

50 5 0.030  0.027 

30 0.053  0.038 

100 5 0.045  0.036 

30 0.044  0.049 

0.7 30 5 0.022  0.023 

30 0.024  0.036 

50 5 0.035  0.026 

30 0.038  0.035 

100 5 0.026  0.036 

30 0.035  0.039 

0.3 0.5 30 5 0.027  0.023 

30 0.039  0.027 

50 5 0.037  0.032 

30 0.053  0.041 

100 5 0.042  0.035 

30 0.047  0.044 

0.7 30 5 0.021  0.027 

30 0.048  0.037 

50 5 0.041  0.037 

30 0.045  0.042 

100 5 0.027  0.043 

30 0.046  0.050 

Note. Boldfaced values indicate type I error rates outside the range of 0.025 to 0.075; ICC 

= intraclass correlation coefficient;   = correlation between pairs of outcomes; c = 

number of clusters;    = cluster size. 
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Power. For tests of each of the non-null effects, the general pattern of results is 

shown in Table 4.34, which lists the power rates from the MVMM estimates. In the 

conditions with a cluster size of five, power rates were all unacceptable, reaching only as 

high as 0.460 for MVMM estimates and 0.452 for HLM estimates. In the conditions with 

an ICC of 0.1, the power of tests of      exceeded 0.80 with sample sizes of 100/30 and 

0.70 with sample sizes of 50//30. With an ICC of 0.3, power ranged from 0.086 to 0.682 

for MVMM estimates and from 0.075 to 0.678 for HLM estimates in the conditions with 

30 and 50 clusters but exceeded 0.80 with 100 clusters. The Cohen’s d effect sizes for 

     in the data generating models were 0.18 and 0.20 when ICC equaled 0.3 and 0.1, 

respectively (     = 0.18 and      = 0.20). 

For tests of      (     = 0.23 and      = 0.27), power exceeded 0.80 in all 

conditions with sample sizes of 50/30 and 100/30. With sample sizes of 30/30, power 

generally remained below 0.70.  

 Logistic regression results. Values of   
 , averaged across      and     , indicate 

that cluster size had the largest main effect on power (mean   
  = 0.064 for both MVMM 

and HLM estimates), followed by number of clusters (mean   
  = 0.033 for MVMM 

estimates and 0.034 for HLM estimates). As cluster size increased, mean power increased 

from 0.204 to 0.755 for MVMM estimates and from 0.193 to 0.744 for HLM estimates. 

As number of clusters increased, mean power increased from 0.322 to 0.646 for MVMM 

estimates and from 0.304 to 0.642 for HLM estimates. There was also a significant 

interaction effect between cluster size and number of clusters (mean   
  = 0.011 for both 
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MVMM and HLM estimates). Figure 4.7 shows that the effect of cluster size increased as 

number of clusters increased. 
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Table 4.34 

 

Statistical Power of Tests of MVMM Estimates of the Non-Null X Coefficients 

 

    Two Outcomes  Three Outcomes 

ICC   c                    

0.1 0.5 30 5  0.107   0.102 0.147 

30  0.467   0.474 0.722 

50 5  0.138   0.143 0.223 

30  0.715   0.731 0.921 

100 5  0.268   0.283 0.460 

30  0.953   0.965 0.998 

0.7 30 5  0.085   0.082 0.135 

30  0.470   0.463 0.687 

50 5  0.144   0.165 0.240 

30  0.715   0.735 0.918 

100 5  0.264   0.253 0.458 

30  0.958   0.963 1.000 

0.3 0.5 30 5  0.100   0.099 0.153 

30  0.477   0.446 0.664 

50 5  0.159   0.148 0.230 

30  0.682   0.672 0.898 

100 5  0.278   0.272 0.454 

30  0.936   0.942 0.990 

0.7 30 5  0.091   0.086 0.114 

30  0.443   0.419 0.687 

50 5  0.150   0.157 0.219 

30  0.634   0.673 0.891 

100 5  0.265   0.257 0.426 

30  0.934   0.936 0.997 

Note. Boldfaced values indicate power < 0.80; shaded values indicate power < 0.70; ICC 

= intraclass correlation coefficient;   = correlation between pairs of outcomes; c = 

number of clusters;    = cluster size. 
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Figure 4.7. Cluster Size (nc) and Number of Clusters (c) Interaction Effect on the Power 

of Tests of MVMM Estimates of the X Coefficients 

 

 

Z Coefficients,      

Parameter bias (PB). Parameter bias of MVMM and HLM estimates of the null 

effect,     , ranged from −0.099 to 0.130, as shown in Table 4.35. 
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Table 4.35 

Parameter Bias (PB) of MVMM and HLM Estimates of the Null Z Coefficient 

    Two Outcomes  Three Outcomes 

ICC   c               

0.1 0.5 30 5 0.022   –0.023  

30 0.049   –0.070  

50 5 –0.032   0.096  

30 –0.033   –0.020  

100 5 0.007   –0.017  

30 –0.016   0.010  

0.7 30 5 –0.027   0.010  

30 –0.009   0.010  

50 5 0.048   –0.083  

30 0.064   0.043  

100 5 –0.087   –0.038  

30 0.023   –0.011  

0.3 0.5 30 5 –0.073   –0.021  

30 0.075   0.005  

50 5 0.064   0.036  

30 –0.099   0.011  

100 5 0.012   –0.013  

30 –0.060   –0.008  

0.7 30 5 0.025   –0.035  

30 0.130   0.130  

50 5 0.092   –0.031  

30 0.085   –0.001  

100 5 –0.041   –0.093  

30 –0.055   0.023  

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size.  
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Relative parameter bias (RPB). MVMM and HLM estimates of the non-null 

effects,      and     , were not substantially biased across all conditions, with values of 

RPB ranging from −0.030 to 0.045, as shown in Table 4.36.  
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Table 4.36 

Relative Parameter Bias (RPB) of MVMM and HLM Estimates of the Non-Null Z 

Coefficients 

    Two Outcomes  Three Outcomes 

ICC   c                    

0.1 0.5 30 5  0.005   0.001 0.002 

30  0.015   0.013 –0.007 

50 5  –0.025   0.007 0.029 

30  –0.003   –0.010 –0.007 

100 5  0.012   –0.012 0.004 

30  –0.014   0.004 –0.004 

0.7 30 5  0.021   0.014 0.010 

30  –0.007   0.004 0.005 

50 5  0.004   –0.021 –0.011 

30  0.012   0.011 0.011 

100 5  –0.005   –0.013 –0.007 

30  0.008   0.004 0.003 

0.3 0.5 30 5  –0.027   0.018 0.005 

30  0.026   –0.010 –0.007 

50 5  0.022   0.014 0.005 

30  0.001   0.012 0.024 

100 5  –0.007   –0.010 0.015 

30  –0.008   0.023 0.018 

0.7 30 5  0.005   –0.030 –0.006 

30  0.043   0.045 0.008 

50 5  0.037   –0.016 –0.004 

30  0.004   0.030 0.003 

100 5  –0.025   –0.019 –0.015 

30  –0.016   –0.009 0.003 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Relative standard error bias (RSEB). MVMM and HLM estimates of the 

standard errors were also not substantially biased across all conditions, with values of 

RSEB ranging from −0.063 to 0.062, as shown in Table 4.37. 
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Table 4.37 

Relative Standard Error Bias (RSEB) of MVMM and HLM Estimates of the Z Coefficients 

    Two Outcomes  Three Outcomes 

ICC   C                              

0.1 0.5 30 5 0.009 0.062  0.015 –0.005 –0.003 

30 –0.013 –0.024  –0.033 0.048 –0.005 

50 5 0.004 0.001  –0.005 0.025 –0.014 

30 0.008 –0.024  –0.016 –0.034 –0.028 

100 5 –0.018 0.027  0.042 0.043 –0.010 

30 –0.028 –0.033  0.001 0.003 0.013 

0.7 30 5 0.018 –0.036  0.060 0.040 0.014 

30 –0.008 0.014  0.031 0.008 0.008 

50 5 –0.015 –0.015  0.000 0.014 –0.008 

30 –0.011 –0.032  –0.019 –0.004 0.001 

100 5 0.001 0.014  0.009 0.008 0.030 

30 –0.017 –0.018  –0.004 0.013 0.004 

0.3 0.5 30 5 0.001 –0.004  0.006 0.005 –0.017 

30 –0.018 –0.045  –0.006 0.031 0.016 

50 5 0.000 0.014  0.023 0.013 –0.009 

30 –0.012 0.007  –0.042 –0.008 –0.015 

100 5 0.027 0.012  –0.004 –0.019 0.000 

30 –0.005 0.036  0.021 0.051 0.022 

0.7 30 5 –0.009 0.036  0.028 0.052 0.048 

30 –0.018 –0.043  –0.020 –0.017 –0.029 

50 5 –0.032 –0.028  –0.063 –0.025 –0.023 

30 –0.011 0.005  –0.017 –0.002 –0.007 

100 5 –0.017 0.005  –0.029 –0.018 –0.027 

30 –0.013 –0.015  0.000 –0.013 0.018 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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95% confidence interval coverage. Empirical coverage rates of      to      

were all acceptable (92.6% to 96.6% for MVMM estimates and 92.5% to 96.6% for HLM 

estimates) except for MVMM estimates in the condition with three outcomes, an ICC of 

0.3, correlations of 0.7, and sample sizes of 50/5. In this condition, the coverage rate of 

    was 92.4%, as shown in Table 4.38.  

 Logistic regression results. None of the study conditions had significant main or 

two-way interaction effects on the confidence interval coverage of the Z coefficients, as 

values of   
  were all close to 0.000. 
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Table 4.38 

95% Confidence Interval Coverage for MVMM Estimates of the Z Coefficients 

    Two Outcomes  Three Outcomes 

ICC   C                              

0.1 0.5 30 5 0.948 0.957  0.958 0.941 0.941 

30 0.941 0.944  0.932 0.951 0.941 

50 5 0.949 0.951  0.940 0.951 0.942 

30 0.950 0.940  0.941 0.932 0.937 

100 5 0.944 0.957  0.966 0.960 0.950 

30 0.931 0.942  0.947 0.948 0.944 

0.7 30 5 0.944 0.936  0.956 0.958 0.947 

30 0.943 0.947  0.948 0.949 0.944 

50 5 0.943 0.941  0.953 0.954 0.939 

30 0.943 0.941  0.937 0.941 0.939 

100 5 0.950 0.942  0.942 0.940 0.947 

30 0.949 0.955  0.939 0.955 0.958 

0.3 0.5 30 5 0.944 0.948  0.941 0.946 0.950 

30 0.931 0.937  0.940 0.945 0.946 

50 5 0.947 0.951  0.962 0.946 0.941 

30 0.939 0.948  0.933 0.951 0.937 

100 5 0.951 0.951  0.939 0.947 0.950 

30 0.944 0.962  0.948 0.963 0.962 

0.7 30 5 0.951 0.948  0.963 0.959 0.959 

30 0.938 0.926  0.944 0.940 0.940 

50 5 0.940 0.946  0.924 0.945 0.945 

30 0.946 0.946  0.940 0.945 0.941 

100 5 0.945 0.955  0.939 0.945 0.934 

30 0.947 0.944  0.960 0.939 0.944 

Note. Boldfaced values indicate confidence interval coverage outside the range of 92.5% 

to 97.5%; ICC = intraclass correlation coefficient;   = correlation between pairs of 

outcomes; c = number of clusters;    = cluster size. 
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 Type I error. Type I error rates were acceptable, ranging from 0.034 to 0.069 for 

MVMM estimates and 0.034 to 0.075 for HLM estimates, except in the condition with 

three outcomes, an ICC of 0.3, correlations of 0.7, and sample sizes of 50/5. In this 

condition, the type I error rate was 0.076 for MVMM estimates, as shown in Table 4.39. 

 Logistic regression results. None of the study conditions had significant main or 

two-way interaction effects on type I error rate, as values of   
  were all close to 0.000. 
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Table 4.39 

Type I Error Rates for Tests of MVMM Estimates of the Null Z Coefficient 

    Two Outcomes  Three Outcomes 

ICC   c               

0.1 0.5 30 5 0.052   0.042  

30 0.059   0.068  

50 5 0.051   0.060  

30 0.050   0.059  

100 5 0.056   0.034  

30 0.069   0.053  

0.7 30 5 0.056   0.044  

30 0.057   0.052  

50 5 0.057   0.047  

30 0.057   0.063  

100 5 0.050   0.058  

30 0.051   0.061  

0.3 0.5 30 5 0.056   0.059  

30 0.069   0.060  

50 5 0.053   0.038  

30 0.061   0.067  

100 5 0.049   0.061  

30 0.056   0.052  

0.7 30 5 0.049   0.037  

30 0.062   0.056  

50 5 0.060   0.076  

30 0.054   0.060  

100 5 0.055   0.061  

30 0.053   0.040  

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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 Power. Empirical power rates were higher in the conditions with an ICC of 0.1 

than an ICC of 0.3, as shown in Table 4.40, which lists the power rates for the MVMM 

estimates. With an ICC of 0.3, none of the power rates for tests of     were acceptable, 

reaching only as high as 0.648 for MVMM estimates and 0.647 for HLM estimates. With 

an ICC of 0.1, power exceeded 0.80 with sample sizes of 50/30 as well as with 100 

clusters. The Cohen’s d effect sizes for      in the data generating models were 0.26 and 

0.30 when ICC equaled 0.3 and 0.1, respectively (     = 0.26 and      = 0.30). 

For tests of      (     = 0.26 and      = 0.30), power exceeded 0.80 with sample 

sizes of 100/30 in the conditions with an ICC of 0.3. With an ICC of 0.1, power exceeded 

0.70 with sample sizes of 30/30 and exceeded 0.80 with sample sizes of 50/30 and 100 

clusters. 

 Logistic regression results. ICC had the largest main effect on power (mean   
  = 

0.034 for both MVMM and HLM estimates), As ICC increased, power decreased from 

0.721 to 0.426 for MVMM estimates and from 0.719 to 0.424 for HLM estimates. 

However, the effect of ICC depended on cluster size (mean   
  = 0.011 for both MVMM 

and HLM estimates). Figure 4.8 shows that the effect of ICC increased as cluster size 

increased. 

Number of clusters also had a significant main effect on power (mean   
  = 0.020 

for both MVMM and HLM estimates). As number of clusters increased, power increased 

from 0.392 to 0.775 for MVMM estimates and from 0.389 to 0.775 for HLM estimates. 
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Table 4.40 

 

Statistical Power of Tests of MVMM Estimates of the Non-Null Z Coefficients 

 

    Two Outcomes  Three Outcomes 

ICC   c                    

0.1 0.5 30 5  0.325   0.338 0.466 

30  0.618   0.635 0.779 

50 5  0.497   0.526 0.697 

30  0.811   0.818 0.950 

100 5  0.817   0.804 0.939 

30  0.979   0.987 0.999 

0.7 30 5  0.346   0.339 0.472 

30  0.623   0.615 0.778 

50 5  0.499   0.487 0.662 

30  0.827   0.839 0.953 

100 5  0.805   0.811 0.932 

30  0.992   0.984 1.000 

0.3 0.5 30 5  0.200   0.198 0.284 

30  0.281   0.234 0.340 

50 5  0.308   0.290 0.428 

30  0.378   0.392 0.541 

100 5  0.519   0.489 0.695 

30  0.643   0.648 0.827 

0.7 30 5  0.185   0.176 0.270 

30  0.275   0.276 0.363 

50 5  0.325   0.304 0.413 

30  0.394   0.392 0.526 

100 5  0.496   0.500 0.670 

30  0.619   0.631 0.823 

Note. Boldfaced values indicate power < 0.80; shaded values indicate power < 0.70; ICC 

= intraclass correlation coefficient;   = correlation between pairs of outcomes; c = 

number of clusters;    = cluster size. 

 

  



 

158 

 

 
 

Figure 4.8. Intraclass Correlation Coefficient (ICC) and Cluster Size (nc) Interaction 

Effect on the Power of Tests of MVMM Estimates of the Z Coefficients  

 

 

 

Cross-Level Interactions,      

Parameter bias (PB). Parameter bias of estimates of the null cross-level 

interaction,     , ranged from −0.238 to 0.167 for MVMM estimates and from −0.226 to 

0.181 for HLM estimates. Table 4.41 lists the PBs of the MVMM estimates. 
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Table 4.41 

Parameter Bias (PB) of MVMM Estimates of the Null Cross-Level Interaction 

    Two Outcomes  Three Outcomes 

ICC   c               

0.1 0.5 30 5 –0.225   –0.020  

30 0.058   –0.006  

50 5 0.036   0.087  

30 –0.029   0.043  

100 5 0.062   –0.104  

30 –0.002   –0.034  

0.7 30 5 0.167   0.095  

30 –0.019   0.038  

50 5 0.062   –0.045  

30 –0.014   –0.038  

100 5 –0.031   0.017  

30 0.002   –0.041  

0.3 0.5 30 5 –0.022   –0.238  

30 –0.083   0.014  

50 5 –0.136   –0.033  

30 0.029   –0.075  

100 5 –0.124   –0.034  

30 –0.026   –0.008  

0.7 30 5 0.162   0.098  

30 –0.053   –0.031  

50 5 0.032   –0.049  

30 0.009   0.017  

100 5 –0.030   –0.010  

30 –0.022   –0.007  

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Relative parameter bias (RPB). Estimates of      were substantially negatively 

biased by 5.9% for MVMM and HLM estimates, and positively biased by up to 7.8% for 

MVMM estimates and 7.7% for HLM estimates in three of the conditions with two 

outcomes. All other estimates of      were not substantially biased. Estimates of      

were not substantially biased across all conditions, ranging from −0.045 to 0.031 for 

MVMM estimates and from −0.047 to 0.033 for HLM estimates. This pattern of results is 

shown in Table 4.42, which lists the RPB values of the MVMM estimates. 

ANOVA results. None of the study conditions had significant main or two-way 

interaction effects on estimates of the non-null cross-level interactions, as values of   
  

were all close to 0.000. 
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Table 4.42 

Relative Parameter Bias (RPB) of MVMM Estimates of the Non-Null Cross-Level 

Interactions 

 

    Two Outcomes  Three Outcomes 

ICC   C                    

0.1 0.5 30 5 −0.049   −0.007 −0.006 

30 0.005   −0.004 0.007 

50 5 −0.013   −0.024 0.012 

30 −0.008   0.016 0.005 

100 5 −0.029   −0.016 −0.023 

30 0.011   −0.011 −0.004 

0.7 30 5 0.078   0.021 0.001 

30 −0.004   0.024 0.014 

50 5 −0.020   0.005 0.031 

30 −0.006   −0.008 −0.009 

100 5 0.003   0.017 −0.010 

30 0.000   −0.005 −0.006 

0.3 0.5 30 5 0.055   −0.003 −0.045 

30 −0.038   −0.007 0.013 

50 5 −0.059   −0.021 0.001 

30 0.012   0.000 −0.026 

100 5 −0.030   0.012 −0.003 

30 −0.016   0.000 −0.002 

0.7 30 5 −0.042   −0.009 0.017 

30 −0.004   −0.007 0.001 

50 5 0.003   −0.020 −0.002 

30 0.019   −0.021 −0.002 

100 5 −0.010   0.007 0.018 

30 0.000   −0.009 −0.006 

Note. Boldfaced values indicate substantial bias (|RPB| > 0.05); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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 Relative standard error bias (RSEB). The standard errors of estimates of some 

or all of the cross-level interaction terms were overestimated in all conditions with 30 

clusters. Some estimates were also positively biased with more than 30 clusters and an 

ICC of 0.1. This pattern of results is shown in Table 4.43, which lists the RSEB values of 

the MVMM estimates. In the conditions with substantial bias, RSEBs ranged from 0.103 

to 0.135 for MVMM estimates and from 0.104 to 0.140 for HLM estimates. 

 ANOVA results. The standard error estimates were significantly affected by 

number of clusters (mean   
  = 0.042 for MVMM estimates and 0.049 for HLM 

estimates), ICC (mean   
  = 0.038 for both MVMM and HLM estimates), and cluster size 

(mean   
  = 0.015 for MVMM estimates and 0.024 for HLM estimates). As number of 

clusters increased, mean RSEB decreased from 0.083 to 0.037 for MVMM estimates and 

from 0.088 to 0.039 for HLM estimates. As ICC increased, mean RSEB decreased from 

0.075 to 0.039 for MVMM estimates and from 0.078 to 0.042 for HLM estimates. As 

cluster size increased, mean RSEB decreased from 0.067 to 0.047 for MVMM estimates 

and from 0.074 to 0.047 for HLM estimates. 
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Table 4.43 

 

Relative Standard Error Bias (RSEB) of MVMM Estimates of the Cross-Level 

Interactions 

 

    Two Outcomes  Three Outcomes 

ICC   C                              

0.1 0.5 30 5 0.081 0.089  0.094 0.088 0.108 

30 0.064 0.135  0.116 0.112 0.123 

50 5 0.073 0.068  0.064 0.052 0.040 

30 0.032 0.052  0.053 0.099 0.042 

100 5 0.040 0.071  0.114 0.033 0.085 

30 0.042 0.065  0.081 0.054 0.044 

0.7 30 5 0.112 0.111  0.121 0.090 0.107 

30 0.118 0.115  0.082 0.105 0.132 

50 5 0.035 0.044  0.087 0.079 0.082 

30 0.072 0.128  0.040 0.043 0.054 

100 5 0.095 0.073  0.055 0.091 0.107 

30 0.007 −0.035  0.014 0.043 0.030 

0.3 0.5 30 5 0.053 0.056  0.063 0.046 0.117 

30 0.025 0.005  0.062 0.031 0.028 

50 5 0.049 0.026  0.016 0.036 0.091 

30 −0.003 0.033  0.023 0.044 0.020 

100 5 0.002 0.063  0.014 0.029 −0.007 

30 0.015 0.025  −0.015 0.012 −0.013 

0.7 30 5 0.096 0.103  0.054 0.111 0.067 

30 0.042 0.048  0.060 0.042 0.034 

50 5 0.051 0.038  0.073 0.048 0.087 

30 0.048 0.052  0.023 0.049 0.011 

100 5 0.037 0.077  0.035 0.011 0.023 

30 0.006 −0.017  0.043 0.027 0.023 

Note. Boldfaced values indicate substantial bias (|RSEB| > 0.10); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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 95% confidence interval coverage. Empirical coverage rates of      and      

were acceptable across all conditions, ranging from 93.9% to 97.4% for MVMM 

estimates and from 93.8% to 97.3% for HLM estimates. For     , coverage rates were 

also acceptable except in the condition with two outcomes, an ICC of 0.1, correlations of 

0.7, and sample sizes of 50/30. In this condition, confidence interval coverage was 97.6% 

for MVMM estimates and 97.7% for HLM estimates. Table 4.44 lists the coverage rates 

for the MVMM estimates. 

 Logistic regression results. None of the study conditions had significant main or 

two-way interaction effects on the confidence interval coverage of the cross-level 

interactions, as mean values   
  were all close to 0.000. 
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Table 4.44 

95% Confidence Interval Coverage for MVMM Estimates of the Cross-Level Interactions 

    Two Outcomes  Three Outcomes 

ICC   C                              

0.1 0.5 30 5 0.956 0.963  0.968 0.964 0.970 

30 0.952 0.967  0.968 0.967 0.971 

50 5 0.974 0.957  0.956 0.949 0.958 

30 0.955 0.958  0.957 0.965 0.962 

100 5 0.952 0.960  0.971 0.953 0.967 

30 0.957 0.965  0.968 0.969 0.954 

0.7 30 5 0.967 0.958  0.969 0.966 0.965 

30 0.968 0.972  0.961 0.967 0.970 

50 5 0.957 0.954  0.963 0.959 0.960 

30 0.957 0.976  0.960 0.950 0.963 

100 5 0.970 0.960  0.959 0.965 0.971 

30 0.952 0.939  0.942 0.952 0.954 

0.3 0.5 30 5 0.954 0.952  0.955 0.955 0.972 

30 0.952 0.939  0.953 0.954 0.945 

50 5 0.959 0.948  0.949 0.959 0.971 

30 0.939 0.948  0.954 0.960 0.950 

100 5 0.944 0.963  0.958 0.965 0.949 

30 0.958 0.954  0.948 0.951 0.946 

0.7 30 5 0.955 0.971  0.967 0.967 0.962 

30 0.954 0.952  0.953 0.948 0.962 

50 5 0.962 0.971  0.962 0.960 0.963 

30 0.957 0.967  0.960 0.955 0.939 

100 5 0.961 0.965  0.960 0.950 0.954 

30 0.954 0.950  0.951 0.952 0.959 

Note. Boldfaced values indicate confidence interval coverage outside the range of 92.5% 

to 97.5%; ICC = intraclass correlation coefficient;   = correlation between pairs of 

outcomes; c = number of clusters;    = cluster size. 
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 Type I error. Tests of      were robust across all conditions, with empirical type 

I error rates ranging from 0.026 to 0.061 for MVMM estimates (see Table 4.45) and from 

0.028 to 0.062 for HLM estimates. 
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Table 4.45 

Type I Error Rates for Tests of MVMM Estimates of the Null Cross-Level Interaction 

    Two Outcomes  Three Outcomes 

ICC   c               

0.1 0.5 30 5 0.044   0.032  

30 0.048   0.032  

50 5 0.026   0.044  

30 0.045   0.043  

100 5 0.048   0.029  

30 0.043   0.032  

0.7 30 5 0.033   0.031  

30 0.032   0.039  

50 5 0.043   0.037  

30 0.043   0.040  

100 5 0.030   0.041  

30 0.048   0.058  

0.3 0.5 30 5 0.046   0.045  

30 0.048   0.047  

50 5 0.041   0.051  

30 0.061   0.046  

100 5 0.056   0.042  

30 0.042   0.052  

0.7 30 5 0.045   0.033  

30 0.046   0.047  

50 5 0.038   0.038  

30 0.043   0.040  

100 5 0.039   0.040  

30 0.046   0.049  

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Power. For tests of each of the non-null effects, the general pattern of results is 

shown in Table 4.46, which lists the power rates from the MVMM estimates. In the 

conditions with a cluster size of five, the power of tests of      and      were all 

unacceptable, ranging from 0.089 to 0.466 for MVMM estimates and from 0.082 to 0.458 

for HLM estimates. For tests of     , power exceeded 0.70 in the conditions with a 

cluster size of 30 and at least 50 clusters. The Cohen’s d effect sizes for      in the data 

generating models were 0.26 and 0.30 when ICC equaled 0.3 and 0.1, respectively (     = 

0.26 and      = 0.30). 

For tests of      (     = 0.33 and      = 0.37), power exceeded 0.70 in the 

conditions with an ICC of 0.1, a cluster size of 30, and at least 30 clusters. However, with 

an ICC of 0.3 , at least 50 clusters were needed to achieve acceptable power. 

Logistic regression results. Cluster size had the largest main effect on the power 

of tests of the cross-level interactions (mean   
  = 0.061 for both MVMM and HLM 

estimates). Number of clusters also had a significant, though, smaller main effect (mean 

  
  = 0.033 for MVMM estimates and 0.032 for HLM estimates). As cluster size 

increased, mean power increased from 0.214 to 0.783 for MVMM estimates and from 

0.209 to 0.782 for HLM estimates. As number of clusters increased, mean power 

increased from 0.339 to 0.663 for MVMM estimates and from 0.335 to 0.662 for HLM 

estimates. There was also a significant interaction between cluster size and number of 

clusters (mean   
  = 0.011 for MVMM estimates and 0.010 for HLM estimates). Figure 

4.9 shows that the effect of cluster size increased as number of clusters increased. 
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Table 4.46 

 

Statistical Power of Tests of MVMM Estimates of the Non-Null Cross-Level Interactions 

 

    Two Outcomes  Three Outcomes 

ICC   C                    

0.1 0.5 30 5  0.089   0.111 0.140 

30  0.535   0.524 0.730 

50 5  0.151   0.149 0.232 

30  0.770   0.806 0.937 

100 5  0.282   0.294 0.442 

30  0.980   0.985 0.999 

0.7 30 5  0.104   0.090 0.131 

30  0.525   0.537 0.727 

50 5  0.157   0.160 0.233 

30  0.785   0.775 0.905 

100 5  0.293   0.314 0.447 

30  0.971   0.978 1.000 

0.3 0.5 30 5  0.117   0.113 0.130 

30  0.464   0.465 0.677 

50 5  0.146   0.168 0.226 

30  0.741   0.713 0.870 

100 5  0.273   0.325 0.455 

30  0.955   0.957 0.992 

0.7 30 5  0.094   0.091 0.137 

30  0.467   0.467 0.677 

50 5  0.174   0.151 0.211 

30  0.753   0.719 0.881 

100 5  0.289   0.307 0.466 

30  0.958   0.957 0.993 

Note. Boldfaced values indicate power < 0.80; shaded values indicate power < 0.70; ICC 

= intraclass correlation coefficient;   = correlation between pairs of outcomes; c = 

number of clusters;    = cluster size. 
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Figure 4.9. Cluster Size (nc) and Number of Clusters (c) Interaction Effect on the Power 

of Tests of MVMM Estimates of the Cross-Level Interactions  

 

 

Level-2 Variances, var(  ) 

Relative parameter bias (RPB). Estimates of the level-2 variances were 
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MVMM estimates. Values of RPB in the substantially biased conditions ranged from 

−0.077 to −0.050 for MVMM estimates and from −0.077 to −0.051 for HLM estimates. 

 ANOVA results. The accuracy of the level-2 variance estimates was affected by 
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  = 0.078 for both MVMM and HLM estimates) and number of 
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  = 0.01 for both MVMM and HLM estimates). As cluster size 
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estimates. As number of clusters increased, mean RPB decreased from −0.036 to −0.017 

for both MVMM and HLM estimates.  
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Table 4.47 

Relative Parameter Bias (RPB) of MVMM Estimates of the Level-2 Variances 

 

    Two Outcomes  Three Outcomes 

ICC   C    var(  ) var(  )  var(  ) var(  ) var(  ) 

0.1 0.5 30 5 −0.072 −0.069  −0.076 −0.073 −0.077 

30 −0.006 −0.008  −0.008 −0.010 −0.009 

50 5 −0.046 −0.049  −0.055 −0.054 −0.050 

30 −0.004 −0.004  −0.006 −0.004 −0.006 

100 5 −0.036 −0.032  −0.032 −0.031 −0.033 

30 −0.004 −0.004  −0.003 −0.004 −0.004 

0.7 30 5 −0.071 −0.069  −0.074 −0.072 −0.066 

30 −0.006 −0.005  −0.007 −0.007 −0.008 

50 5 −0.050 −0.051  −0.058 −0.057 −0.058 

30 −0.007 −0.005  −0.005 −0.007 −0.004 

100 5 −0.031 −0.032  −0.035 −0.034 −0.037 

30 −0.003 −0.004  −0.002 −0.003 −0.002 

0.3 0.5 30 5 −0.064 −0.062  −0.054 −0.055 −0.056 

30 −0.004 −0.003  −0.004 −0.004 −0.006 

50 5 −0.043 −0.041  −0.048 −0.047 −0.047 

30 −0.003 −0.003  −0.002 −0.002 −0.003 

100 5 −0.029 −0.028  −0.027 −0.025 −0.029 

30 0.000 0.000  0.000 −0.001 −0.001 

0.7 30 5 −0.059 −0.060  −0.062 −0.062 −0.061 

30 −0.004 −0.002  −0.003 −0.003 −0.002 

50 5 −0.072 −0.069  −0.051 −0.049 −0.049 

30 −0.006 −0.008  −0.003 −0.003 −0.005 

100 5 −0.046 −0.049  −0.034 −0.030 −0.033 

30 −0.004 −0.004  −0.002 −0.002 −0.001 

Note. Boldfaced values indicate substantial bias (|RPB| > 0.05); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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 Relative standard error bias (RSEB). Estimates of the standard errors were 

considerably more accurate than estimates of the variances. Only the standard errors of 

var(  ) were substantially overestimated in three conditions with a cluster size of five, as 

shown in Table 4.48, which lists the RSEBs of the MVMM estimates. For HLM 

estimates, RSEBs in the biased conditions ranged from 0.111 to 0.116. 

 ANOVA results. Cluster size had the largest effect on estimates of the standard 

errors of the level-2 variances (mean   
  = 0.078 for MVMM and HLM estimates), 

followed by ICC (  
  = 0.010 for both MVMM and HLM estimates). As cluster size 

increased, mean RSEB decreased from 0.058 to 0.007 for MVMM and HLM estimates. 

As ICC increased, mean RSEB decreased from 0.034 to 0.031 for both MVMM and 

HLM estimates. 
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Table 4.48 

 

Relative Standard Error Bias (RSEB) of MVMM Estimates of the Level-2 Variances 

 

    Two Outcomes  Three Outcomes 

ICC   C    var(  ) var(  )  var(  ) var(  ) var(  ) 

0.1 0.5 30 5 0.069 0.079  0.118 0.077 0.072 

30 −0.001 −0.007  −0.011 0.021 −0.021 

50 5 0.053 0.035  0.052 0.050 0.071 

30 −0.016 −0.016  0.011 0.004 −0.012 

100 5 0.086 0.060  0.103 0.075 0.061 

30 −0.007 −0.019  −0.012 0.000 −0.033 

0.7 30 5 0.056 0.056  0.038 0.043 0.080 

30 0.022 0.001  0.009 −0.006 −0.005 

50 5 0.075 0.091  0.092 0.057 0.060 

30 0.030 0.068  0.011 0.033 −0.003 

100 5 0.034 0.060  0.078 0.099 0.012 

30 −0.004 0.035  0.005 0.004 −0.001 

0.3 0.5 30 5 0.079 0.059  0.019 0.033 0.050 

30 0.017 0.020  −0.004 0.000 −0.008 

50 5 0.091 0.087  0.043 0.050 0.063 

30 0.011 −0.013  −0.013 0.008 0.055 

100 5 0.036 0.075  0.062 0.016 0.099 

30 0.027 −0.015  0.002 0.017 −0.002 

0.7 30 5 0.073 0.026  0.076 0.026 0.059 

30 −0.028 −0.026  −0.014 0.045 0.073 

50 5 0.077 0.088  0.070 0.051 0.020 

30 0.026 0.064  −0.012 0.005 0.044 

100 5 0.110 0.047  0.022 0.038 0.046 

30 0.030 −0.005  0.008 0.025 0.042 

Note. Boldfaced values indicate substantial bias (|RSEB| > 0.10); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 

 

  



 

175 

 

Level-2 Covariances, cov(      ) 

Relative parameter bias (RPB). MVMM estimates of the level-2 covariances 

were substantially negatively biased by up to 12.4% in all conditions with a cluster size 

of five and fewer than 100 clusters. Estimates were also substantially negatively biased in 

one of the conditions with 100 clusters, as shown in Table 4.49.  

ANOVA results. Cluster size had the largest effect on the accuracy of the 

covariance estimates (mean   
  = 0.084), followed by number of clusters (mean   

  = 

0.011). As cluster size increased, mean RPB decreased from −0.074 to −0.006. As 

number of clusters increased, mean RPB decreased from −0.054 to −0.025. 

  



 

176 

 

Table 4.49 

Relative Parameter Bias (RPB) of MVMM Estimates of the Level-2 Covariances 

 

    Two Outcomes  Three Outcomes 

ICC   c    cov(     )   cov(     ) cov(     ) cov(     ) 

0.1 0.5 30 5 −0.117   −0.124 −0.124 −0.121 

30 −0.011   −0.016 −0.014 −0.017 

50 5 −0.070   −0.086 −0.084 −0.082 

30 −0.005   −0.006 −0.006 −0.008 

100 5 −0.054   −0.047 −0.051 −0.053 

30 −0.006   −0.006 −0.006 −0.006 

0.7 30 5 −0.091   −0.099 −0.099 −0.092 

30 −0.006   −0.009 −0.010 −0.009 

50 5 −0.067   −0.077 −0.078 −0.079 

30 −0.008   −0.007 −0.007 −0.008 

100 5 −0.042   −0.048 −0.049 −0.048 

30 −0.005   −0.004 −0.003 −0.004 

0.3 0.5 30 5 −0.102   −0.093 −0.090 −0.089 

30 −0.006   −0.007 −0.010 −0.008 

50 5 −0.066   −0.080 −0.085 −0.078 

30 −0.007   −0.003 −0.004 −0.004 

100 5 −0.045   −0.041 −0.047 −0.044 

30 0.001   −0.001 −0.002 −0.002 

0.7 30 5 −0.081   −0.084 −0.084 −0.085 

30 −0.004   −0.005 −0.003 −0.004 

50 5 −0.117   −0.065 −0.068 −0.068 

30 −0.011   −0.004 −0.006 −0.004 

100 5 −0.070   −0.044 −0.048 −0.043 

30 −0.005   −0.002 −0.003 −0.002 

Note. Boldfaced values indicate substantial bias (|RPB| > 0.05); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 

 

 

  



 

177 

 

 Relative standard error bias (RSEB). The standard errors of the covariance 

estimates were not substantially biased across all conditions, with RSEB values ranging 

from −0.047 to 0.086, as shown in Table 4.50.  
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Table 4.50 

Relative Standard Error Bias (RSEB) of MVMM Estimates of the Level-2 Covariances 

    Two Outcomes  Three Outcomes 

ICC   c    cov(     )   cov(     ) cov(     ) cov(     ) 

0.1 0.5 30 5 0.016   0.072 0.039 0.044 

30 −0.024   −0.001 0.001 −0.002 

50 5 0.012   0.052 0.057 0.082 

30 −0.004   −0.032 −0.023 0.033 

100 5 0.057   0.066 0.062 0.053 

30 −0.047   −0.001 −0.006 −0.011 

0.7 30 5 0.064   0.047 0.031 0.062 

30 0.014   −0.012 0.001 −0.011 

50 5 0.074   0.070 0.058 0.074 

30 0.046   0.005 0.003 0.015 

100 5 0.042   0.067 0.051 0.030 

30 0.002   0.014 0.012 −0.017 

0.3 0.5 30 5 0.013   −0.005 0.018 −0.011 

30 0.017   0.000 0.006 −0.014 

50 5 0.074   0.035 0.035 0.038 

30 0.011   −0.023 0.040 0.012 

100 5 0.036   0.028 0.061 0.032 

30 0.006   0.019 0.000 −0.011 

0.7 30 5 0.030   0.048 0.055 0.029 

30 −0.029   0.021 0.015 0.040 

50 5 0.016   0.069 0.026 0.008 

30 −0.024   −0.002 0.015 0.028 

100 5 0.012   0.023 0.028 0.046 

30 −0.004   −0.003 0.028 0.016 

Note. ICC = intraclass correlation coefficient;   = correlation between pairs of outcomes; 

c = number of clusters;    = cluster size. 
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Level-3 Intercept Variances, var(   ) 

Relative parameter bias (RPB). The level-3 intercept variances were 

substantially overestimated by 5.3% to 26.5% for MVMM estimates and 5.3% to 26.6% 

for HLM estimates in all conditions with an ICC of 0.1 and a cluster size of five. This 

pattern of results is shown in Table 4.51, which lists the RPB values of the MVMM 

estimates. 

 ANOVA results. Cluster size was the only study condition with a significant 

effect on the intercept variance estimates (mean   
  = 0.011 for both MVMM and HLM 

estimates). As cluster size increased, mean RPB decreased from 0.084 to 0.003 for both 

MVMM and HLM estimates.   
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Table 4.51 

Relative Parameter Bias (RPB) of MVMM Estimates of the Level-3 Intercept Variances 

 

    Two Outcomes  Three Outcomes 

ICC   c    var(   ) var(   )  var(   ) var(   ) var(   ) 

0.1 0.5 30 5 0.220 0.229  0.214 0.236 0.208 

30 −0.008 −0.003  0.021 0.012 0.016 

50 5 0.098 0.117  0.115 0.126 0.129 

30 −0.005 −0.003  0.011 0.008 0.003 

100 5 0.039 0.059  0.090 0.087 0.076 

30 −0.008 0.006  0.003 −0.006 0.008 

0.7 30 5 0.231 0.224  0.255 0.265 0.256 

30 −0.007 0.012  −0.015 0.003 0.001 

50 5 0.130 0.123  0.144 0.133 0.153 

30 0.004 0.015  −0.012 −0.015 −0.004 

100 5 0.075 0.065  0.057 0.053 0.072 

30 −0.003 −0.001  0.005 0.011 0.006 

0.3 0.5 30 5 0.041 0.028  0.017 0.013 0.010 

30 −0.004 0.003  0.015 −0.001 0.005 

50 5 0.033 0.026  0.022 0.017 0.011 

30 0.004 0.002  0.005 0.009 −0.005 

100 5 0.015 0.009  0.005 0.013 0.014 

30 −0.006 0.006  −0.002 0.008 0.002 

0.7 30 5 0.027 0.041  0.028 0.036 0.036 

30 −0.004 0.009  0.005 0.007 0.002 

50 5 0.220 0.229  0.023 0.024 0.018 

30 −0.008 −0.003  0.002 −0.006 −0.001 

100 5 0.098 0.117  0.024 0.021 0.014 

30 −0.005 −0.003  0.002 0.001 −0.004 

Note. Boldfaced values indicate substantial bias (|RPB| > 0.05); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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 Relative standard error bias (RSEB). The standard errors of the intercept 

variances were substantially overestimated in most of the conditions with an ICC of 0.1, a 

cluster size of five, and fewer than 100 clusters, as shown in Table 4.52, which lists the 

RSEBs of the MVMM estimates. In the substantially biased conditions, RSEBs ranged 

from 0.159 to 0.104 for MVMM estimates and from 0.159 to 0.105 for HLM estimates. 

 ANOVA results. The standard error estimates were significantly affected by ICC 

(mean   
  = 0.013 for MVMM estimates and 0.012 for HLM estimates) and cluster size 

(mean   
  = 0.012 for both MVMM and HLM estimates). As ICC increased, mean RSEB 

decreased from 0.044 to −0.001 for both MVMM and HLM estimates. As cluster size 

increased, mean RSEB also decreased from 0.044 to −0.001. 
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Table 4.52 

 

Relative Standard Error Bias (RSEB) of MVMM Estimates of the Level-3 Intercept 

Variances 

 

    Two Outcomes  Three Outcomes 

ICC   c    var(   ) var(   )  var(   ) var(   ) var(   ) 

0.1 0.5 30 5 0.137 0.159  0.149 0.104 0.122 

30 0.019 0.000  0.025 0.009 0.017 

50 5 0.083 0.075  0.086 0.093 0.046 

30 0.064 0.023  0.018 −0.014 0.004 

100 5 0.046 0.025  0.053 −0.020 0.019 

30 −0.034 −0.016  0.033 0.054 0.029 

0.7 30 5 0.127 0.143  0.145 0.127 0.144 

30 0.002 −0.015  0.018 0.034 −0.029 

50 5 0.070 0.067  0.129 0.087 0.115 

30 −0.014 −0.003  −0.019 −0.037 −0.032 

100 5 0.026 0.008  0.014 0.004 0.041 

30 0.007 0.004  0.026 0.007 −0.008 

0.3 0.5 30 5 0.012 0.000  −0.006 −0.014 0.011 

30 −0.042 0.005  −0.004 −0.003 0.016 

50 5 −0.001 0.030  0.026 −0.012 0.019 

30 0.036 0.023  0.021 0.004 0.015 

100 5 0.011 0.010  0.042 0.018 0.034 

30 −0.013 −0.024  −0.012 −0.040 0.003 

0.7 30 5 0.013 0.054  −0.025 −0.005 −0.033 

30 0.017 0.026  −0.024 −0.048 −0.021 

50 5 0.137 0.159  −0.031 −0.016 0.040 

30 0.019 0.000  0.017 −0.006 −0.026 

100 5 0.083 0.075  0.036 0.022 0.005 

30 0.064 0.023  −0.027 0.004 −0.032 

Note. Boldfaced values indicate substantial bias (|RSEB| > 0.10); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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Level-3 Intercept Covariances, cov(        ) 

Relative parameter bias (RPB). MVMM estimates of the intercept covariances 

were substantially positively biased by as much as 42.5% in all the conditions with an 

ICC of 0.1 and a cluster size of five, as shown in Table 4.53. 

 ANOVA results. The intercept covariance estimates were significantly affected by 

cluster size (mean   
  = 0.014). As cluster size increased, mean RPB decreased from 

0.128 to 0.004. 
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Table 4.53 

Relative Parameter Bias (RPB) of MVMM Estimates of the Level-3 Intercept 

Covariances 

 

    Two 

Outcomes 

 Three Outcomes 

ICC   c    cov(       )  cov            cov          cov          

0.1 0.5 30 5 0.361   0.425 0.402 0.384 

30 −0.010   0.038 0.025 0.028 

50 5 0.118   0.198 0.174 0.225 

30 0.005   0.005 0.000 −0.012 

100 5 0.071   0.121 0.113 0.134 

30 −0.004   −0.009 0.012 0.001 

0.7 30 5 0.308   0.332 0.365 0.371 

30 0.005   −0.014 −0.007 0.006 

50 5 0.161   0.193 0.209 0.212 

30 0.011   −0.014 −0.011 −0.014 

100 5 0.093   0.081 0.079 0.077 

30 −0.001   0.015 0.008 0.015 

0.3 0.5 30 5 0.043   0.033 0.022 0.024 

30 −0.003   0.008 0.028 −0.002 

50 5 0.050   0.028 0.045 0.038 

30 0.012   0.018 0.003 0.001 

100 5 0.011   0.015 0.010 0.022 

30 −0.003   0.004 0.000 0.002 

0.7 30 5 0.039   0.034 0.033 0.056 

30 0.003   0.007 0.005 0.000 

50 5 0.361   0.026 0.030 0.027 

30 −0.010   −0.004 0.002 −0.002 

100 5 0.118   0.027 0.024 0.021 

30 0.005   0.002 −0.002 0.001 

Note. Boldfaced values indicate substantial bias (|RPB| > 0.05); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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 Relative standard error bias (RSEB). The standard errors of the intercept 

covariances were substantially overestimated by 10.1% to 16.5% in the conditions with 

an ICC of 0.1, a cluster size of five, and fewer than 100 clusters, as shown in Table 4.54. 

 ANOVA results. Estimates of the standard errors were significantly affected by 

ICC (mean   
  = 0.019) and cluster size (mean   

  = 0.016). As ICC increased, mean 

RSEB decreased from 0.047 to −0.007. As cluster size increased, mean RSEB decreased 

from 0.045 to −0.005. 

 

  



 

186 

 

Table 4.54 

 

Relative Standard Error Bias (RSEB) of MVMM Estimates of the Level-3 Covariances 

 

    Two 

Outcomes 

 Three Outcomes 

ICC   c    cov(       )  cov            cov          cov          

0.1 0.5 30 5 0.111   0.139 0.101 0.145 

30 0.050   0.006 0.002 0.066 

50 5 0.042   0.083 0.038 0.081 

30 0.037   0.013 −0.006 0.028 

100 5 0.056   0.008 0.057 0.011 

30 −0.005   0.018 0.039 0.038 

0.7 30 5 0.134   0.165 0.135 0.149 

30 −0.008   0.011 −0.004 0.007 

50 5 0.058   0.153 0.155 0.123 

30 −0.025   −0.025 −0.044 −0.053 

100 5 0.023   0.027 0.019 0.027 

30 0.032   −0.009 0.004 −0.010 

0.3 0.5 30 5 0.005   −0.016 −0.013 −0.019 

30 −0.032   −0.028 −0.018 −0.040 

50 5 0.037   0.002 0.004 0.003 

30 0.014   0.004 0.018 0.009 

100 5 −0.016   0.011 0.026 0.036 

30 −0.032   −0.008 −0.010 −0.026 

0.7 30 5 0.067   −0.031 −0.028 −0.027 

30 −0.006   −0.018 −0.001 −0.033 

50 5 −0.019   −0.035 0.002 −0.002 

30 0.036   0.013 −0.009 −0.010 

100 5 0.009   0.048 0.017 0.023 

30 −0.011   −0.024 −0.044 −0.020 

Note. Boldfaced values indicate substantial bias (|RSEB| > 0.10); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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Level-3 Slope Variances, var(   ) 

Relative parameter bias (RPB). Values of RPB for the level-3 slope variances 

ranged from 0.037 up to as high as 28.119 for MVMM estimates and from 0.037 to 

27.785 for HLM estimates. As shown in Table 4.55, acceptable values of RPB were the 

exception, as the vast majority of the slope variances were substantially overestimated 

across conditions. 

 ANOVA results. There were three significant main effects of study conditions on 

the slope variance estimates: cluster size (mean   
  = 0.321 for MVMM estimates and 

0.319 for HLM estimates), ICC (mean   
  = 0.216 for MVMM estimates and 0.215 for 

HLM estimates), and number of clusters (mean   
  = 0.054 for MVMM estimates and 

0.053 for HLM estimates). As cluster size increased, mean RPB decreased from 12.392 

to 1.164 for MVMM estimates and from 12.318 to 1.165 for HLM estimates. As ICC 

increased, mean RPB decreased from 11.063 to 2.493 for MVMM estimates and from 

11.004 to 2.479 for HLM estimates. As number of clusters increased, mean RPB 

decreased from 9.186 to 4.405 for MVMM estimates and from 9.113 to 4.391 for HLM 

estimates. 

 There were also three significant two-way interaction effects: ICC by cluster size 

(mean   
  = 0.145 for MVMM estimates and 0.144 for HLM estimates), cluster size by 

number of clusters (mean   
  = 0.034 for MVMM estimates and 0.033 for HLM 

estimates), and ICC by number of clusters (mean   
  = 0.020 for both MVMM and HLM 

estimates). Figures 4.10 and 4.11 show that the effect of ICC decreased as sample sizes 
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increased. Similarly, the effect of cluster size decreased as number of clusters increased, 

as shown in Figure 4.12. 

  



 

189 

 

Table 4.55 

Relative Parameter Bias (RPB) of MVMM Estimates of the Level-3 Slope Variances 

 

    Two Outcomes  Three Outcomes 

ICC   c    var(   ) var(   )  var(   ) var(   ) var(   ) 

0.1 0.5 30 5 24.828 24.425  26.174 26.299 26.002 

30 2.628 2.488  2.861 2.819 2.890 

50 5 18.435 17.692  18.691 19.819 18.694 

30 1.749 1.765  2.013 2.013 1.916 

100 5 11.295 11.798  12.939 12.631 12.974 

30 0.988 1.096  1.191 1.143 1.263 

0.7 30 5 25.105 25.358  28.119 27.402 27.106 

30 2.820 2.857  3.113 3.096 3.090 

50 5 18.002 18.898  21.316 20.685 20.665 

30 1.919 1.988  2.099 2.034 2.078 

100 5 12.475 12.397  13.754 13.564 13.881 

30 1.172 1.115  1.310 1.329 1.301 

0.3 0.5 30 5 5.643 5.910  6.231 6.044 6.302 

30 0.405 0.391  0.440 0.448 0.437 

50 5 3.940 4.327  4.535 4.409 4.594 

30 0.182 0.210  0.199 0.192 0.216 

100 5 2.663 2.547  2.809 2.870 2.935 

30 0.046 0.084  0.041 0.037 0.054 

0.7 30 5 6.038 6.508  6.609 7.012 6.657 

30 0.427 0.460  0.471 0.447 0.392 

50 5 4.317 4.488  4.944 4.904 5.097 

30 0.178 0.207  0.212 0.247 0.263 

100 5 2.742 2.740  3.092 3.223 3.120 

30 0.063 0.050  0.101 0.083 0.065 

Note. Boldfaced values indicate substantial bias (|RPB| > 0.05); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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Figure 4.10. Intraclass Correlation Coefficient (ICC) and Cluster Size (nc) Interaction 

Effect on the Relative Parameter Bias of MVMM Estimates of the Level-3 Slope 

Variances 

 

 

 

 

 

 
 

Figure 4.11. Intraclass Correlation Coefficient (ICC) and Number of Clusters (c) 

Interaction Effect on the Relative Parameter Bias of MVMM Estimates of the Level-3 

Slope Variances 

nc = 5 nc = 30 

ICC = 0.1 20.040 2.087 
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Figure 4.12. Cluster Size (nc) and Number of Clusters (c) Interaction Effect on the 

Relative Parameter Bias of MVMM Estimates of the Level-3 Slope Variances 

 

 

 

 Relative standard error bias (RSEB). The standard errors of the slope variances 

were also substantially overestimated in almost all of the conditions, as shown in Table 

4.56. RSEBs in these conditions ranged from 0.119 to 0.665 for MVMM estimates and 

from 0.119 to 0.660 for HLM estimates. 

 ANOVA results. There were three significant main effects of the study conditions 

on the standard errors: cluster size (mean   
  = 0.202 for MVMM estimates and 0.203 for 

HLM estimates), ICC (mean   
  = 0.118 for both MVMM and HLM estimates), and 

number of clusters (mean   
  = 0.032 for both MVMM and HLM estimates). As cluster 

size increased, mean RSEB decreased from 0.539 to 0.312 for both MVMM and HLM 

estimates. As ICC increased, mean RSEB decreased from 0.508 to 0.342 for MVMM 

estimates and from 0.508 to 0.343 for HLM estimates. As number of clusters increased, 
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mean RSEB decreased from 0.473 to 0.374 for MVMM estimates and from 0.474 to 

0.374 for HLM estimates. 

 Cluster size also interacted significantly with ICC (mean   
  = 0.062 for MVMM 

estimates and 0.064 for HLM estimates) and number of clusters (mean   
  = 0.012 for 

MVMM estimates and 0.013 for HLM estimates). Figures 4.13 and 4.14 show that the 

effect of cluster size increased as ICC and number of clusters increased. 
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Table 4.56 

 

Relative Standard Error Bias (RSEB) of MVMM Estimates of the Level-3 Slope 

Variances 

 

    Two Outcomes  Three Outcomes 

ICC   c    var(   ) var(   )  var(   ) var(   ) var(   ) 

0.1 0.5 30 5 0.601 0.570  0.622 0.533 0.495 

30 0.574 0.562  0.529 0.506 0.459 

50 5 0.591 0.636  0.546 0.500 0.581 

30 0.561 0.475  0.448 0.452 0.507 

100 5 0.642 0.579  0.597 0.571 0.572 

30 0.473 0.420  0.380 0.392 0.380 

0.7 30 5 0.555 0.586  0.569 0.665 0.632 

30 0.500 0.523  0.481 0.494 0.559 

50 5 0.638 0.628  0.613 0.567 0.535 

30 0.514 0.405  0.424 0.470 0.552 

100 5 0.609 0.591  0.524 0.498 0.520 

30 0.449 0.431  0.324 0.408 0.383 

0.3 0.5 30 5 0.590 0.557  0.559 0.596 0.514 

30 0.265 0.271  0.232 0.230 0.258 

50 5 0.577 0.540  0.480 0.557 0.501 

30 0.187 0.170  0.185 0.210 0.188 

100 5 0.538 0.557  0.512 0.543 0.491 

30 0.128 0.071  0.037 0.075 0.088 

0.7 30 5 0.601 0.520  0.521 0.476 0.575 

30 0.243 0.236  0.273 0.242 0.338 

50 5 0.499 0.501  0.549 0.440 0.516 

30 0.249 0.196  0.179 0.151 0.135 

100 5 0.534 0.499  0.462 0.466 0.490 

30 0.140 0.078  0.051 0.119 0.088 

Note. Boldfaced values indicate substantial bias (|RSEB| > 0.10); ICC = intraclass 

correlation coefficient;   = correlation between pairs of outcomes; c = number of 

clusters;    = cluster size. 
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Figure 4.13. Cluster Size (nc) and Intraclass Correlation Coefficient (ICC) Interaction 

Effect on the Relative Standard Error Bias of MVMM Estimates of the Level-3 Slope 

Variances 

 

 

 

Figure 4.14. Cluster Size (nc) and Number of Clusters (c) Interaction Effect on the 

Relative Standard Error Bias of MVMM Estimates of the Level-3 Slope Variances 
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Chapter 5: Discussion 

 This chapter discusses the results from Study 1 and Study 2 in relation to the three 

research questions posed in Chapter 2. These three questions concern sufficient sample 

sizes for estimation of three-level MVMMs, the effect of study conditions on estimation, 

and the performance of the MVMMs compared to corresponding two-level HLMs. In 

addition, the findings for the three-level MVMM are compared to those from previous 

HLM studies.  

To avoid confusion in the comparisons between MVMM and HLM, the terms 

var(r), var(  ), and var(  ) will be used to refer to the level-1 and level-2 variances in the 

HLM model, which correspond to the level-2 and level-3 variances in the MVMM 

model. Similarly, the variables X and Z will be used to denote the level-1 and level-2 

variables, respectively, in the HLM model. 

Study 1 

Research Question 1: What are sufficient level-2 and level-3 sample sizes for 

acceptable parameter and standard error estimates, 95% confidence interval 

coverage, type I error, and power when estimating a three-level random-intercept 

MVMM? 

 The following sample size recommendations for the random-intercept MVMM 

are based on the smallest sample size combinations that consistently yielded acceptable 

values of bias, 95% confidence interval coverage, type I error, and power across the 

levels of ICC, correlations, and outcomes investigated in this study.  
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Fixed effects. The sample size combination of 30 clusters with a cluster size of 

five (30/5) was sufficient for reasonable point estimates of the intercepts, main effects, 

and their standard errors. Although estimates of the Z coefficient,     , were found to be 

substantially underestimated in one condition, this exception is considered negligible 

given that all other values of relative parameter bias were acceptable. Sample sizes of 

30/5 were also sufficient for acceptable 95% confidence interval coverage and type I 

error rates.  

 Tests of non-null effects, however, required larger sample sizes to achieve power 

greater than 0.70 under the conditions and Cohen’s d effect sizes investigated in this 

study. Increasing the cluster size to 30 increased the power of tests of the X coefficients 

considerably, in many cases to levels close to 1.00. For acceptable power to detect the 

effect of all the Z coefficients, the sample size requirements exceeded the conditions 

included in this study. Effect sizes ranged from 0.18 to 0.44 for the X coefficients and 

from 0.26 to 0.55 for the Z coefficients. 

 Table 5.1 summarizes the sample size recommendations for the fixed effects. 
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Table 5.1 

 

Recommended Sample Size Combinations (Number of Clusters/Cluster Size) for the Fixed 

Effects  

 

 

Parameter 

Estimate 

Standard 

Error 

Estimate 

95% CI 

Coverage 

Type I 

Error Power 

Intercepts 30/5 30/5 30/5   

X Coefficients 30/5 30/5 30/5 30/5 30/30
a
 

Z Coefficients 30/5 30/5 30/5 30/5 > 100/30
b
 

Note. CI = confidence interval; 
a 
power > 0.80 with Cohen’s d ≥ 0.18; 

b 
Cohen’s d ≥ 0.26.  

 

 

 Variance components. Like the fixed effects, the level-2 variances and 

covariances did not require sample sizes larger than 30/5 for accurate parameter and 

standard error estimates. However, one would need to increase the cluster size to 30 for 

reasonable estimates of the level-3 variance components and their standard errors. 

Alternatively, one could increase the number of clusters to 100 while keeping the cluster 

size at five. Although estimates of the level-3 intercept covariance cov(       ) were 

substantially overestimated in one of the conditions with sample sizes of 100/5, this 

exception is considered negligible. 

 Table 5.2 summarizes the sample size recommendations for the variance 

components. 
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Table 5.2 

 

Recommended Sample Size Combinations (Number of Clusters/Cluster Size) for the 

Variance Components  

 

 Parameter Estimate Standard Error Estimate 

Level-2 Variances 30/5 30/5 

Level-2 Covariances 30/5 30/5 

Level-3 Variances 30/30 

100/5 

30/30 

100/5 

Level-3 Covariances 30/30 

100/5 

30/30 

100/5 

 

 

 

Comparison to previous HLM studies. The sample size recommendations 

above can be compared to those from two-level HLM simulation studies by Bell, et al. 

(2010), Browne and Draper (2000), and McNeish and Stapleton (2013). The models in 

the latter two studies and the main effect model in Bell, et al. are similar to the MVMMs 

in this study in that they do not contain cross-level interaction terms. However, Bell, et al. 

and Browne and Draper included random effects for both the intercept and the slope.  

Like the results from this study, the smallest sample size conditions in the HLM 

studies were sufficient for reasonable estimates of fixed effects (Bell, et al., 2010; 

Browne & Draper, 2000; McNeish & Stapleton, 2013), var(r) (Browne & Draper, 2000; 

McNeish & Stapleton, 2013), and the standard error of var(r) (McNeish & Stapleton, 

2013). They were also sufficient for acceptable coverage of the 95% confidence interval 

(Bell, et al., 2010) and type I error rates (Bell, et al., 2010). These sample size conditions 

(level 2/level 1) were 10/5-10, 12/18, and 5/20 for Bell, et al. (2010), Browne and Draper 

(2000), and McNeish and Stapleton (2013), respectively.  
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McNeish and Stapleton’s (2013) recommendation of at least 30 clusters for 

estimates of the standard error of fixed effects, and at least 30 clusters with a cluster size 

larger than 20 for estimates of var(  ) also aligned with the sample size 

recommendations in Tables 5.1 and 5.2. Although Browne and Draper (2000) found 

estimates of var(  ) to be substantially biased with sample sizes of 48/18, the results 

from both McNeish and Stapleton and this study suggest the possibility that a larger 

cluster size would have reduced the bias. 

For the standard error estimates of var(  ), McNeish and Stapleton’s (2013) 

findings were either at odds or in agreement with the results from this study, depending 

on the particular outcome measure used. While McNeish and Stapleton calculated both 

relative standard error bias and empirical coverage of the 95% confidence interval as 

measures of the accuracy of the standard error estimates, their recommended minimum 

sample sizes of 100 clusters with a cluster size larger than 20−which exceed this study’s 

recommendations−were based on the confidence interval coverage. On the other hand, 

their relative standard error bias results indicated that sample sizes of 30/20 produced 

estimates that were not substantially biased, much like the 30/30 conditions in this study.     

Results from Bell, et al. (2010) on the power to detect non-null effects also 

support the findings from this study. While their largest sample size combination of 

30/20-40 was sufficient for the power of tests of X coefficients to exceed 0.80, it was not 

enough for the power of Z coefficients. 
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Research Question 2: How do the study conditions affect parameter and standard 

error estimates, 95% confidence interval coverage, type I error, and power when 

estimating a three-level random-intercept MVMM? 

 In cases where there was substantial bias or unacceptable power rates, three study 

conditions were identified through mean   
  and   

  values from ANOVA and logistic 

regression analyses as significantly affecting results. These conditions include number of 

clusters, cluster size, and ICC.  

 Fixed effects. On average, only empirical power rates were significantly affected 

by number of clusters, cluster size, and/or ICC. The mean pseudo    (  
 ) values for 

these effects, presented previously in Chapter 4, are shown collectively in Table 5.3. 

Increasing cluster size improved the power of the X coefficients while increasing number 

of clusters improved the power of the Z coefficients. An increase in ICC, however, 

resulted in less powerful tests of the Z coefficients, especially in conjunction with an 

increase in cluster size.   

  

Table 5.3 

 

Mean Pseudo R
2
 (  

 ) Values for the Effects of Study Conditions on the Power of Tests of 

Fixed Effects  

 

 c    ICC c ×    ICC × c ICC ×    

X 

Coefficients 

0.006 0.017 0.000 0.003 0.000 0.000 

Z 

Coefficients 
0.026 0.003 0.027 0.002 0.005 0.013 

Note. Boldfaced values indicate significant effects (mean   
  > 0.01); CI = confidence 

interval; ICC = intraclass correlation coefficient; c = number of clusters;    = cluster size. 
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Variance components. Although substantial bias was found for both the 

parameter and standard error estimates of the level-3 variance components, only the 

standard errors were sensitive to the effects of the study conditions. Table 5.4 shows the 

mean partial eta squared (  
 ) values for these effects. On average, increasing either 

cluster size or ICC resulted in significantly smaller RSEBs, but the magnitude of the 

effect of one depended on the levels of the other. Cluster size and ICC also interacted 

with number of clusters.  

 

Table 5.4 

 

Mean Partial Eta Squared (  
 ) Values for the Effects of Study Conditions on the 

Standard Error Estimates of the Level-3 Variance Components  

  

 c    ICC c ×    ICC × c ICC ×    

Level-3 Variances 0.005 0.012 0.013 0.008 0.010 0.014 

Level-3 

Covariances 

0.003 0.013 0.017 0.012 0.013 0.014 

Note. Boldfaced values indicate significant effects (mean   
  > 0.01); ICC = intraclass 

correlation coefficient; c = number of clusters;    = cluster size. 

 

 

Comparison to previous HLM studies. The results shown in Tables 5.3 and 5.4 

are compared to the HLM results from a simulation study by Mok (1995) and an analytic 

study by Raudenbush and Liu (2000). The models in these studies were random-

coefficients models with a single main effect of X.  

According to Mok (1995), increasing the number of clusters led to smaller bias 

and smaller standard error estimates compared to increasing cluster size; therefore, 
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sampling a large number of small clusters is preferable to sampling a small number of 

large clusters. In terms of statistical power, Raudenbush and Liu (2000) also concluded 

that increasing the number of clusters was more effective at increasing the power of tests 

of the X coefficient. In contrast, this study failed to find practically significant effects of 

number of clusters except in the case of the power of Z coefficients.  

The conflicting findings described above may be attributed to differences in 

sample size conditions across the studies. For instance, Mok (1995) crossed 11 levels of 

number of clusters (5 to 150) with 11 levels of cluster size (5 to 150) for a total of 121 

sample size conditions. To explore whether a change in sample size conditions would 

substantively change ANOVA and logistic regression results, I increased the smaller 

cluster size from five to 10 and reran the simulation for 12 conditions. These conditions 

varied by ICC (0.1, 0.3), number of clusters (30, 50, 100), and cluster size (10, 30). The 

number of outcomes and the correlations between outcomes were kept constant at three 

and 0.5, respectively. Similar to the Mok study, 100 data sets for each condition were 

generated and analyzed.  

Under the new sample size conditions, the effect of number of clusters on the 

power of the X coefficients and the standard error estimates of the level-3 variances were, 

in fact, practically significant. For the standard error estimates of the level-3 variances, 

the effect of number of clusters (mean   
  = 0.031) was larger than the effect of cluster 

size (mean   
  = 0.013). For the power of the X coefficients, the effects of number of 

clusters and cluster size were similar (mean   
  = 0.011 and 0.012, respectively). 



 

203 

 

Research Question 3: How does the performance of the three-level random-

intercept MVMM compare to that of the corresponding two-level HLMs in this 

study? 

 To compare the performance of the MVMM and corresponding HLMs, the 

pattern of results and the calculated values presented in Chapter 4 are summarized here in 

two ways: a) percentages of unacceptable values obtained across conditions and b) grand 

means.  

 Fixed effects. The pattern of results for relative parameter bias, relative standard 

error bias, 95% confidence interval coverage, and type I error were identical for MVMM 

and HLM estimates of the fixed effects, as shown in Table 5.5. For example, 0.69% of 

the relative parameter bias values from MVMM and HLM estimates of the Z coefficients 

exceeded the cut-off criteria. Table 5.5 also shows that MVMM performed marginally 

better than HLM with respect to the percentage of power rates less than 0.70. However, 

this difference disappeared when the cut-off for acceptable power was raised to 0.80. 
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Table 5.5 

 

Percentages of Unacceptable Values of Relative Parameter Bias, Relative Standard 

Error Bias, 95% Confidence Interval Coverage, Type I Error, and Power for the Fixed 

Effects 

 

 RPB  RSEB  95% CI Coverage 

 MVMM HLM  MVMM HLM  MVMM HLM 

Intercepts 0.00 0.00  0.00 0.00  0.00 0.00 

X Coefficients 0.00 0.00  0.00 0.00  0.00 0.00 

Z Coefficients 0.69 0.69  0.00 0.00  0.00 0.00 

      

 Type I Error  Power
a
  Power

b
 

 MVMM HLM  MVMM HLM  MVMM HLM 

X Coefficients 0.00 0.00  32.64 34.03  40.97 40.97 

Z Coefficients 0.00 0.00  52.78 53.47  62.50 62.50 

Note. RPB = relative parameter bias; RSEB = relative standard error bias; CI = 

confidence interval; 
a
 power < 0.70; 

b
 power < 0.80. 

   

 

The values obtained from the analyses of the MVMM and HLM estimates were, 

in most cases, identical to the third decimal place, as shown in Table 5.6. While there 

were some differences between MVMM and HLM estimates in terms of the grand means 

of the 95% confidence interval coverage, type I error, and power, these differences are 

considered negligible. 
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Table 5.6 

 

Grand Means of Parameter Bias, Relative Parameter Bias, Relative Standard Error Bias, 

95% Confidence Interval Coverage, Type I Error, and Power for the Fixed Effects 

 

 PB  RPB  RSEB 

 MVMM HLM  MVMM HLM  MVMM HLM 

Intercepts    0.000 0.000  −0.004 −0.004 

X Coefficients −0.005 −0.005  −0.002 −0.002  −0.001 −0.001 

Z Coefficients −0.003 −0.003  −0.002 −0.002  0.001 0.001 

         

 95% CI  Type I Error  Power 

 MVMM HLM  MVMM HLM  MVMM HLM 

Intercepts 0.947 0.951       

X Coefficients 0.949 0.950  0.052 0.051  0.773 0.772 

Z Coefficients 0.946 0.946  0.054 0.054  0.665 0.664 

Note. PB = parameter bias; RPB = relative parameter bias; RSEB = relative standard 

error bias; CI = confidence interval. 

 

 

Variance components. There were no differences between MVMM and HLM 

estimates of the variance components, as percentages of unacceptable values (Table 5.7) 

and grand means calculated to the third decimal place (Table 5.8) were identical across 

the two models.  
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Table 5.7 

 

Percentages of Unacceptable Values of Relative Parameter Bias and Relative Standard 

Error Bias for the Variance Components 

  

 RPB  RSEB 

 MVMM HLM  MVMM HLM 

var(r) 0.00 0.00  0.00 0.00 

var(  ) 14.58 14.58  10.94 10.94 

Note. RPB = relative parameter bias; RSEB = relative standard error bias; CI = 

confidence interval. 

 

 

 

Table 5.8 

 

Grand Means of Relative Parameter Bias and Relative Standard Error Bias for the 

Variance Components 

 

  RPB  RSEB 

  MVMM HLM  MVMM HLM 

var(r)          −0.001      −0.001  0.005 0.005 

var(  )  0.026 0.026  0.024 0.024 

Note. RPB = relative parameter bias; RSEB = relative standard error bias. 

 

 

 Comparison to the ECLS-K data analysis. Much like the simulation results, the 

parameter estimates and standard errors from the random-intercept MVMM and 

corresponding HLM analyses of the ECLS-K data, presented in Chapter 3, were also very 

similar. For example, estimates of the variable GENDER (3.53) and the associated 

standard error (0.71) were identical to the second decimal place between the two models. 

Statistical inferences for the fixed and random effects were also identical at an alpha level 

of 0.01. 
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Study 2 

Research Question 1: What are sufficient level-2 and level-3 sample sizes for 

acceptable parameter and standard error estimates, 95% confidence interval 

coverage, type I error, and power when estimating a three-level fully-conditional 

MVMM? 

 The following recommendations for the fully-conditional MVMM are based on 

the smallest combination of number of clusters and cluster size that produced acceptable 

results (with some exceptions) across all levels of ICC, correlations, and number of 

outcomes.  

 Fixed effects. The smallest sample size condition of 30/5 was deemed sufficient 

when all, or a majority of all, values for a given set of results were considered acceptable. 

This was the case for the point estimates, 95% confidence interval coverage, and type I 

error rates of all the fixed effects, as well as for the standard error estimates of the 

intercepts and Z coefficients. Of these measures, the following included up to three 

values that exceeded acceptable limits: confidence interval coverage of the intercepts, 

point estimates and confidence interval coverage of the X coefficients, confidence 

interval coverage and type I error rates of the Z coefficients, and point estimates and 

confidence interval coverage of the cross-level interactions. For the standard errors of the 

X coefficients and cross-level interactions, one would need to increase the number of 

clusters to 50 and the cluster size to 30 in order to obtain reasonable estimates.  

Sample sizes of 50/30 were also needed to achieve power greater than 0.70 for 

tests of the cross-level interactions under the conditions in this study. Increasing the 
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number of clusters further to 100 increased the power of tests of the cross-level 

interactions to over 0.80. It also resulted in acceptable power rates for tests of the X 

coefficients. However, this largest sample size combination of 100/30 was not enough to 

obtain acceptable power across all conditions for the Z coefficients. Cohen’s d effect 

sizes of these coefficients ranged from 0.18 to 0.27 for the effects of X, and from 0.26 to 

0.37 for the effects of Z as well as the cross-level interactions. 

 Table 5.9 summarizes the sample size recommendations for the fixed effects. 

 

 

Table 5.9 

 

Recommended Sample Size Combinations (Number of Clusters/Cluster Size) for the Fixed 

Effects 

 

 

Parameter 

Estimate 

Standard 

Error 

Estimate 

95% CI 

Coverage 

Type I 

Error Power 

Intercepts 30/5 30/5 30/5   

X Coefficients 30/5 50/30 30/5 30/5 100/30
a
 

Z Coefficients 30/5 30/5 30/5 30/5 > 100/30
b
 

Cross-Level 

Interactions 

30/5 50/30 30/5 30/5 50/30
c
 

100/30
d
 

Note. CI = confidence interval; 
a 
power > 0.80 with Cohen’s d ≥ 0.18; 

b
 Cohen’s d ≥ 0.26;  

c 
power > 0.70 with Cohen’s d ≥ 26; 

d
 power > 0.80 with Cohen’s d ≥ 26. 

 

 

 Variance components. Only the standard errors of the level-2 variances and 

covariances were estimated reasonably well in the smallest sample size conditions. 

Although there were three instances in which the standard errors of var(  ) were 

substantially overestimated with sample sizes of 30/5 and 100/5, 30/5 was considered 
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sufficient because the vast majority of the relative standard error bias values was 

acceptable.  

For generally accurate estimates of the level-2 variances and covariances as well 

as the level-3 intercept variances, covariances, and associated standard errors, one would 

need to increase the cluster size to 30. Alternatively, for the standard errors of the level-3 

intercept variances and covariances, one could increase the number of cluster to 100, 

instead of increasing the cluster size, to obtain accurate estimates. 

 The sample size requirements for accurate estimates of the level-3 slope variances 

and their standard errors are larger than the sample sizes included in this study. While a 

few relative parameter and standard error bias values were acceptable with sample sizes 

of 100/30, by and large, estimates were grossly positively biased across all conditions.  

 Table 5.10 summarizes the sample size recommendations for the variance 

components. 

 

Table 5.10 

 

Recommended Sample Size Combinations (Number of Clusters/Cluster Size) for the 

Variance Components  

 

 Parameter Estimate Standard Error Estimate 

Level-2 Variances 30/30 30/5 

Level-2 Covariances 30/30 30/5 

Level-3 Intercept Variances 30/30 30/30 

100/5 

Level-3 Intercept Covariances 30/30 30/30 

100/5 

Level-3 Slope Variances > 100/30 > 100/30 
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Comparison to previous HLM studies. The sample size recommendations 

above are compared to the results in Bell, et al. (2010) and Maas and Hox (2004, 2005). 

The HLM models in Maas and Hox correspond to the fully-conditional MVMMs in this 

study. The cross-level interaction model in Bell, et al., on the other hand, contained 

multiple cross-level interaction terms. 

The recommendations in Tables 5.9 and 5.10 are supported by the HLM results 

for estimates of the fixed effects (Bell, et al., 2010; Maas & Hox, 2004, 2005), standard 

error estimates of the intercepts and Z coefficients (Maas & Hox, 2004, 2005), 95% 

confidence interval coverage of the fixed effects (Bell, et al., 2010), type I error rates 

(Bell, et al., 2010), and standard error estimates of var(r) (Maas & Hox, 2004, 2005). In 

the HLM studies, sample sizes of at least 30/5 were needed to obtain reasonable standard 

error estimates of the fixed effects and var(r). For acceptable fixed effects estimates, 

confidence interval coverage, type I error rates, and estimates of var(r), even smaller 

sample sizes of 10 clusters with a cluster size of about five were found to be sufficient.  

Results for the power of tests of the Z coefficients and cross-level interactions in 

this study were also supported by the results in Bell, et al. (2010), but only in the sense 

that power was too low in Bell, et al.’s largest sample size conditions of 30/20-40. 

However, for the power of the X coefficients, sample sizes of 30/20-40 were sufficient in 

Bell, et al.’s study while at least 100 clusters were needed in this study.  

In terms of estimates of var(  ), var(  ), and their standard errors, Maas and 

Hox’s (2004, 2005) recommended sample sizes were generally too small to obtain 

acceptable results in this study. For instance, Maas and Hox concluded that sample sizes 
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of 30/5 were sufficient for HLM estimates of var(  ) and var(  ). However, in this study, 

a larger cluster size of 30 was needed for estimates of var(  ), and samples sizes larger 

than 100/30 were needed for estimates of var(  ). For estimates of the standard errors of 

var(  ), Maas and Hox’s (2004) suggested rule of thumb of at least 50 clusters was also 

not applicable in this study.  

Some of the differences in sample size requirements described above may be due 

to at least two factors. First, the standardized effect sizes of the X coefficients in Bell, et 

al. (2010) may be larger than those used in this study. Although Bell, et al. provided only 

unstandardized coefficients for the fixed effects, the Cohen’s d effect sizes for the binary 

variables can be calculated from the values provided in the study. For instance, given 

var(r) = 1.0 and var(  ) = 0.3, the smallest coefficient of 0.38 in the Bell, et al. study 

translates to approximately d = 0.33, which is larger than the largest effect size for X in 

this study. Second, the parameter values of var(  ) and var(  ) were identical in Maas 

and Hox’s (2004, 2005) simulated conditions while they differed by a factor of 0.1 in this 

study (for example, var(  ) = 10.00 and var(  ) = 1.00). Since all three studies used 

restricted maximum likelihood (REML) estimation, it is hypothesized that larger sample 

sizes were needed to jointly estimate different values of var(  ) and var(  ) as well as 

their standard errors.  

Research Question 2: How do the study conditions affect parameter and standard 

error estimates, 95% confidence interval coverage, type I error, and power when 

estimating a three-level fully-conditional MVMM? 
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 Measures of practical significance from ANOVA and logistic regression analyses 

reveal that estimates and statistical test results from the three-level fully-conditional 

MVMM were influenced by number of clusters, cluster size, ICC, and/or their two-way 

interactions. 

 Fixed effects. In cases where parameter or standard error estimates were 

substantially biased, or the 95% confidence interval coverage rates were unacceptable, 

only estimates of the standard errors of the X coefficients and cross-level interactions 

were significantly affected by number of clusters, cluster size, and ICC. Table 5.11 shows 

the mean   
  values of these effects. On average, as the levels of each of these conditions 

increased, relative standard error bias decreased, with number of clusters having the 

largest influence on the estimates. 

 

Table 5.11 

 

Mean Partial Eta Squared (  
 ) Values for the Effects of Study Conditions on the 

Standard Error Estimates of Fixed Effects 

 

 c    ICC c ×    ICC × c ICC ×    

X 

Coefficients 
0.021 0.014 0.015 0.001 0.002 0.001 

Cross-Level 

Interactions 
0.043 0.015 0.038 0.005 0.009 0.004 

Note. Boldfaced values indicate significant effects (mean   
  > 0.01); ICC = intraclass 

correlation coefficient; c = number of clusters;    = cluster size. 

 

 

These three conditions also had significant influence on the power of tests of the 

fixed effects, with higher power associated with larger sample sizes and smaller values of 
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ICC. Number of clusters had a consistently significant effect on power, although its effect 

was smaller than the effect of cluster size in the case of the X coefficients and cross-level 

interactions. The effect of number of clusters was also smaller than the effect of ICC in 

the case of the Z coefficients. Table 5.12 shows the mean   
  values for these effects. 

 

Table 5.12 

 

Mean Pseudo R
2
 (  

 ) Values for the Effects of Study Conditions on the Power of Tests of 

the Fixed Effects 

 

 c    ICC c ×    ICC × c ICC ×    

X 

Coefficients 
0.033 0.064 0.000 0.011 0.000 0.000 

Z 

Coefficients 
0.020 0.004 0.034 0.001 0.005 0.011 

Cross-Level 

Interactions 
0.033 0.061 0.000 0.011 0.000 0.001 

Note. Boldfaced values indicate significant effects (mean   
  > 0.01); CI = confidence 

interval; ICC = intraclass correlation coefficient; c = number of clusters;    = cluster size. 

 

 

Variance components. With the exception of the standard error estimates of the 

level-2 covariances, substantial bias was found for estimates of all the variance 

components and their standard errors. These estimates were all significantly affected by 

cluster size, as shown in Table 5.13, which lists the mean   
  values for these effects. In 

contrast, number of clusters and ICC had less consistent and smaller effects overall. The 

influences of these three conditions, however, were similar in that relative bias values 

decreased as the levels of each condition increased. 
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Table 5.13 

 

Mean Partial Eta Squared (  
 ) Values for the Effects of Study Conditions on Estimates of 

the Variance Components and their Standard Errors 

 

 c    ICC c ×    ICC × c ICC × 

   

Parameter 

Estimates 

      

Level-2  

Variances 
0.010 0.078 0.001 0.006 0.000 0.000 

Level-2 

Covariances 
0.011 0.084 0.001 0.007 0.000 0.000 

Level-3 Intercept 

Variances 

0.003 0.011 0.007 0.002 0.002 0.007 

Level-3 Intercept 

Covariances 

0.004 0.013 0.009 0.003 0.003 0.009 

Level-3 Slope 

Variances 
0.054 0.321 0.216 0.034 0.020 0.145 

Standard Error 

Estimates 

      

Level-2  

Variances 

0.001 0.077 0.010 0.002 0.002 0.012 

Level-3 Intercept 

Variances 

0.001 0.012 0.012 0.002 0.005 0.005 

Level-3 Intercept 

Covariances 

0.001 0.016 0.019 0.001 0.009 0.009 

Level-3 Slope 

Variances 
0.032 0.201 0.118 0.012 0.003 0.062 

Note. Boldfaced values indicate significant effects (mean   
  > 0.01); ICC = intraclass 

correlation coefficient; c = number of clusters;    = cluster size. 

 

 

Just as cluster size stands out in Table 5.13 as the study condition with the most 

influence on the variance components, the level-3 slope variance stands out as the 

parameter that is most sensitive to the main and two-way interaction effects of the study 
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conditions. The complex relationship between the effects could perhaps be the reason that 

estimates of the level-3 slope variances and their standard errors were inordinately 

biased, as discussed in Chapter 4. 

 Comparison to previous HLM studies. The results above are compared to the 

HLM results from the simulation studies by Maas and Hox (2005) and Mathieu, Aguinis, 

Culpepper, and Chen (2012), and the analytic study by Snijders and Bosker (1993). The 

fully-conditional HLM model in Maas and Hox corresponds to the MVMMs in this 

study. The models in the other two studies were more complex, with more main effects 

and cross-level interaction terms. 

 For the standard errors of var(  ) and var(  ), Maas and Hox (2005) found that 

number of clusters had a larger effect on the accuracy of the estimates than cluster size. 

Furthermore, these estimates were not significantly affected by ICC. As these 

conclusions contradict the findings from this study, a small simulation was again 

conducted to investigate whether changing the cluster size of five to a cluster size of 10 

would substantively alter ANOVA results. The 12 conditions for this simulation varied 

by ICC (0.1, 0.3), number of clusters (30, 50, 100), and cluster size (10, 30). The number 

of outcomes and the correlations between outcomes were kept constant at two and 0.5, 

respectively. For each condition, 100 data sets were generated and analyzed. 

Under the new sample size conditions, number of clusters did, in fact, exert more 

influence on standard error estimates than cluster size. For the standard error of var(  ), 

the mean   
  values for the effects of number of clusters and cluster size were 0.036 and 

0.009, respectively. For the standard error of var(  ), mean   
  values were 0.147 and 
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0.118 for number of clusters and cluster size, respectively. The effect of ICC on the 

standard error estimates also changed. Although ICC continued to have an effect on the 

standard error of var(  ) (mean   
  = 0.215), its effect on the standard error of var(  ) 

was not practically significant (mean   
  = 0.003).  

 In terms of statistical power, Snijders and Bosker’s (1993) power computations 

for the the Z coefficient indicated that number of clusters had a larger effect than cluster 

size. For tests of cross-level interactions, Snijders and Bosker also concluded that power 

was affected more by number of clusters while Mathieu, et al. (2012), using   
  values 

from ANOVA analyses of power rates, found that power was affected more by cluster 

size. Mathieu, et al. also found a significant interaction between number of clusters and 

cluster size.  

The conclusions from Study 2 are in agreement with those from Snijders and 

Bosker (1993) for the power of Z coefficients and with those from Mathieu, et al. (2012) 

for the power of cross-level interactions. However, the relative effects of sample sizes on 

the power of cross-level interactions were reversed under the new sample size conditions, 

with number of clusters having a larger effect (  
  = 0.060) than cluster size (  

  = 0.039).     

Research Question 3: How does the performance of the three-level fully-conditional 

MVMM compare to that of corresponding two-level HLMs? 

 The patterns of acceptable and unacceptable values of relative bias, 95% 

confidence interval coverage, type I error, and power from MVMM and HLM estimates 

are compared using the percentages of values that were considered unacceptable. The 

performances of MVMM and HLM were also compared using grand means. 
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 Fixed effects. The percentages of unacceptable values for each outcome measure 

from MVMM and HLM estimates are listed in Table 5.14. MVMM noticeably 

outperformed HLM with respect to the 95% confidence interval coverage and type I error 

rates of the X coefficients. The percentage of unacceptable 95% confidence interval 

coverage rates from HLM estimates (8.33%) was five times higher than the percentage 

from MVMM estimates (1.67%). In addition, 12.50% of the type I error rates obtained 

from HLM estimates exceeded acceptable limits while the type I error rates from 

MVMM estimates were all acceptable. The other differences shown in Table 5.14, such 

as the difference in relative standard error bias of the cross-level interactions, are 

probably negligible in practice, since they translate to differences of just one to three 

values. 
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Table 5.14 

 

Percentages of Unacceptable Values of Relative Parameter Bias, Relative Standard 

Error Bias, 95% Confidence Interval Coverage, Type I Error, and Power 

 

 RPB  RSEB  95% CI Coverage 

 MVMM HLM  MVMM HLM  MVMM HLM 

Intercepts 0.00 0.00  0.00 0.00  0.83 0.00 

X Coefficients 1.39 1.39  12.50 12.50  1.67 8.33 

Z Coefficients 0.00 0.00  0.00 0.00  0.83 0.00 

Cross-Level 

Interactions 

4.17 4.17  15.83 18.33  0.83 0.83 

      

 Type I Error  Power
a
  Power

b
 

 MVMM HLM  MVMM HLM  MVMM HLM 

X Coefficients 0.00 12.50  70.83 70.83  77.78 77.78 

Z Coefficients 2.08 0.00  69.44 69.44  72.22 72.22 

Cross-Level 

Interactions 

0.00 0.00  63.89 63.89  76.39 76.39 

Note. RPB = relative parameter bias; RSEB = relative standard error bias; CI = 

confidence interval; 
a
 power < 0.70; 

b
 power < 0.80. 

 

 

 The grand means listed in Table 5.15 indicate little to no difference overall 

between the performances of MVMM and HLM, since most values were identical to the 

second or third decimal place. Nevertheless, MVMM does appear to be consistently more 

powerful, albeit to a small degree, than HLM. 
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Table 5.15 

 

Grand Means of Parameter Bias, Relative Parameter Bias, Relative Standard Error Bias, 

95% Confidence Interval Coverage, Type I Error, and Power 

 

 PB  RPB  RSEB 

 MVMM HLM  MVMM HLM  MVMM HLM 

Intercepts    0.000 0.000  −0.004 −0.004 

X Coefficients 0.012 0.012  0.002 0.002  0.054 0.056 

Z Coefficients 0.002 0.002  0.003 0.003  −0.001 −0.001 

Cross-Level 

Interactions 

−0.012 −0.011  −0.003 −0.003  0.057 0.060 

         

 95% CI  Type I Error  Power 

 MVMM HLM  MVMM HLM  MVMM HLM 

Intercepts 0.949 0.952       

X Coefficients 0.961 0.964  0.040 0.036  0.480 0.469 

Z Coefficients 0.946 0.946  0.055 0.055  0.573 0.571 

Cross-Level 

Interactions 

0.959 0.960  0.042 0.041  0.498 0.496 

Note. CI = confidence interval. 

 

 

Variance components. There were no differences in the performances of 

MVMM and HLM with respect to estimates of the variance components and their 

standard errors, as indicated by the percentages of unacceptable values listed in Table 

5.16 and the grand means listed in Table 5.17. While the grand mean relative parameter 

bias of MVMM estimates of var(  ) were slightly higher than the grand mean from HLM 

estimates, this difference of 0.025 is considered negligible. 
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Table 5.16 

 

Percentages of Unacceptable Values of Relative Parameter Bias and Relative Standard 

Error Bias 

  

 RPB  RSEB 

 MVMM HLM  MVMM HLM 

var(r) 24.17 24.17  2.50 2.50 

var(  ) 24.17 24.17  10.00 10.00 

var(    96.67 96.67  94.17 94.17 

Note. RPB = relative parameter bias; RSEB = relative standard error bias; CI = 

confidence interval. 

 

 

 

Table 5.17 

Grand Means of Relative Parameter Bias and Relative Standard Error Bias 

  RPB  RSEB 

  MVMM HLM  MVMM HLM 

var(r)  −0.026 −0.026  0.035 0.035 

var(  )  0.041 0.041  0.023 0.023 

var(     6.549 6.524  0.437 0.437 

Note. RPB = relative parameter bias; RSEB = relative standard error bias. 

 

 

 Comparison to the ECLS-K data analysis. Unlike the simulation results, the 

MVMM and corresponding HLM analyses of the ECLS-K data involving random slopes 

and cross-level interactions showed substantial differences between the two models with 

respect to the estimate of one of the cross-level interaction terms and estimates of the 

slope variances. The MVMM estimate of the GENDER by PUBLIC interaction term for 

the Reading outcome was much smaller than the corresponding HLM estimate (0.14 and 

1.26, respectively). On the other hand, MVMM estimates of the slope variances for both 
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outcomes were much higher (19.78 and 13.80) than corresponding HLM estimates (0.43 

and 4.94). In addition, the effect of GENDER on the Reading outcome was significant at 

an alpha level of 0.01 under MVMM estimation but non-significant under HLM 

estimation. 

The disparity between the MVMM and HLM estimates of the cross-level 

interaction term for the Reading outcome may be an artifact of the data, as MVMM and 

HLM estimates for the Math outcome were more similar (1.23 and 1.85, respectively). In 

terms of the slope variances, the current simulation study does not offer insight as to 

which of the real data estimates may be more accurate, as simulation results were equally 

biased between MVMM and HLM estimates. However, the slight power advantage 

evidenced by MVMM in the simulation study could account for the different statistical 

test results with respect to the GENDER variable. 

 One additional difference that emerged from the real data analysis concerns 

estimates of the intercept-slope covariances. For the Reading outcome, the MVMM 

estimate of the intercept-slope covariance was much higher than the HLM estimate 

(15.78 and 6.00, respectively). For the Math outcome, the MVMM estimate was −0.30 

while the HLM estimate was −6.40. This simulation study, however, did not investigate 

the accuracy of estimates of the intercept-slope covariances. 

Conclusion and Limitations 

 This final section discusses concluding observations about the two simulation 

studies. First, the sample size recommendations from Study 1 and Study 2 indicate that 

the three-level MVMM can be used with small sample sizes, depending on the 



 

222 

 

parameters of interest. For instance, sample sizes of 30/5 were sufficient for acceptable 

fixed effect estimates, 95% confidence interval coverage, and type I error rates in both 

the random-intercept MVM M and the fully-conditional MVMM. Sample sizes of 30/30 

were sufficient for estimates of the level-2 variance components and their standard errors, 

as well as for estimates of the level-3 intercept variances, covariances, and their standard 

errors. However, the sample size requirements for the power of the Z coefficients in both 

models and for estimates of the slope variances in the fully-conditional model exceeded 

the number of clusters and cluster sizes investigated in the present studies. Therefore, 

future MVMM studies should include sample sizes larger than 100/30 to address these 

gaps.     

 Second, the simulation studies showed that one can generally expect to obtain 

similar results from a three-level MVMM as one would from corresponding two-level 

HLMs for the common parameters. However, a fully-conditional MVMM may offer 

more precise estimates of X coefficients and reduce the chances of making type I errors 

compared to HLMs. In addition, tests of MVMM estimates of the fixed effects were 

slightly more powerful. While the power advantage exhibited in the studies is negligible, 

it does lend support to Snjiders and Bosker’s (2012) assertion that the MVMM may be 

more powerful than corresponding HLMs when outcome data are unbalanced, with the 

power differential increasing as the degree of imbalance increases.  

In one respect, the similarities between the multivariate and univariate results 

were not surprising since the majority of the MVMM and HLM estimates from the 

analyses of the ECLS-K data set were also very similar. However, in Chapter 2, it was 
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hypothesized that the sample size requirements for a three-level MVMM would be 

greater than for a two-level HLM. This conjecture was based on Lauter’s (1978) sample 

size calculations for a one-way MANOVA, which showed that the minimum sample size 

needed for a model with multiple outcomes was larger than for one with a single 

outcome. Given the small sample size conditions that were included in the simulation 

studies, the similarities between the MVMM and HLM estimates were unexpected. 

Third, cluster size and ICC exerted more influence on both MVMM and HLM 

results than was expected, given the findings from previous HLM studies, excepting 

those from Mathieu, et al. (2012). The effect of cluster size on the power of the X 

coefficients and cross-level interactions, and on estimates of the variance components and 

their standard errors was greater than the effect of number of clusters. Number of clusters 

proved to be more influential only for the power of the Z coefficients and the standard 

error estimates of the X coefficients and cross-level interactions. However, it was shown 

in the small scale simulation described above that these findings were conditional on the 

particular sample sizes selected for the simulated conditions. Therefore, it is 

recommended that future methodological studies include more levels of sample sizes 

over a wider range. For example, cluster sizes of five, 30, and 50 were used in Maas and 

Hox (2004, 2005). Future studies on the MVMM could also increase the number of ICC 

levels (for example, ICC = 0.1, 0.2, and 0.3) to determine whether doing so would result 

in fewer practically significant effects of ICC. 

Fourth, there appears to be a trade-off between the effect of ICC on estimation 

accuracy and its effect on power. While a larger ICC tended to yield more accurate 
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parameter and standard error estimates, it also reduced the power of tests of the Z 

coefficients considerably. This reduction in power is compounded by the interaction 

between ICC and cluster size. The implication of this finding is that, given an ICC of 0.3, 

applied researchers may be reasonably confident about the accuracy of their estimates of 

the Z coefficients but should be cautious when drawing inferences from these estimates.  

Fifth, while care was taken in the simulation studies to mimic real-world data by 

varying the population values of the variances and intercept covariances, values of the 

intercept-slope covariances and slope-slope covariances in Study 2 were all 

unrealistically assumed to be zero. As noted in Chapter 3, this same assumption was 

made in the HLM simulation studies by Bassiri (1998), Maas and Hox (2004, 2005), and 

Mathieu, et al. (2012) for their intercept-slope covariances. Browne and Draper (2000), 

on the other hand, included positive and negative covariances in addition to a covariance 

of zero in their HLM simulation study. The magnitudes of their non-null intercept-slope 

covariances were smaller than their intercept variances by factors of 0.1 and 0.28. Future 

MVMM studies could vary the values of the intercept-slope and slope-slope covariances 

in similar ways.   

Lastly, Schaalje, McBride, and Fellingham (2001) advocate for making an 

informed choice about the denominator degrees of freedom (ddf) used for model 

estimation: “the choice of a ddf method for tests of fixed effects should not be taken 

lightly, even for balanced designs. The default ‘exact’ method should certainly not be 

mindlessly accepted” (p. 4). In light of this recommendation, the two simulation studies 

presented here (which used the default method) should be extended to explore the impact 
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of different denominator degrees of freedom on MVMM estimates, such as Kenward and 

Roger’s (1997) adjusted denominator degrees of freedom for small sample sizes. Other 

degrees of freedom options include the residual, between-within, and Satterthwaite 

methods. Preliminary results from a small-scale extension of Study 2 involving one of the 

conditions with sample sizes of 30/5 reveal some differences between the estimates 

obtained using the Kenward-Roger (KR) method and those from the default containment 

method. For instance, the KR method resulted in less powerful tests of the fixed effects. 

Given this preliminary finding, it would be worthwhile to investigate which of the 

aforementioned denominator degrees of freedom would be the best option for 

maximizing the power of tests of MVMM estimates. 

 In conclusion, the two simulation studies presented here support the use of the 

MVMM when multiple outcome data are collected, even with small sample sizes. Under 

the particular conditions investigated in these studies, the MVMM generally performed as 

well as or better than the HLM models. In addition, the MVMM provides estimates of the 

intercept covariances, which cannot be obtained from an HLM analysis. The MVMM can 

also estimate the variances and covariances of the fixed effects (not included in the 

present studies), which can be used to test the differential effects of an explanatory 

variable on the outcomes (see Baldwin, Imel, Braithwaite, & Atkins, 2014). These 

additional parameters, while they are a clear advantage of the MVMM over HLM, also 

make the MVMM a more complex model. Therefore, when choosing to use the MVMM, 

the applied researcher should carefully consider its benefits against its greater 

complexity. 
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