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Dyads, as one special case of hierarchical structured data, are common in social 

and educational research (e.g., married couples, twins, student partners). When 

multilevel structural equation modeling (MSEM) become a widespread analytic 

technique for analysis of nested or hierarchical structured data. However, practices 

associated with the employing of MSEM with extremely small group sizes (e.g., dyadic 

data) are problematic due to the lack of empirical research. At the same time, although 

pseudobalance approach (MUML) described by Muthén (1989, 1990) has been 

increasingly used to perform MSEM, little is known about how the complexity of 

extremely small cluster size affects MUML’s performance. Therefore, in the current 

study, a Monte Carlo simulation was employed to investigate the performance of MCFA 

with dyadic data and to examine the accuracy of the MUML estimator, in terms of the 

parameter estimates, their standard errors and the global chi-square model fit. Multilevel 

sample data were generated in terms of 3 design factors: (a) intraclass correlation, (b) 

number of dyads and (c) model specification. 
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The results indicated the application of Multilevel-CFA with dyadic data is a 

potential dangerous practice especially when researchers are concerned the variability 

across dyads. It should be noted first that all the design conditions (number of dyads, 

ICC values and model specification) have clearly effects on the performance of factor 

models. Besides, these effects are much pronounced in the between-group part. Overall, 

the within-group part of the models presented little to negligible bias with minor 

difference across all cells of conditions. Although the standard errors for factor loadings 

exhibited negative bias greater than 10%, these observations were only limited to the 

lower sample size conditions. However, for the between-group part of the models, there 

were serious problems with convergence difficulties, underestimated chi-square 

statistics, parameter bias and attenuated standard errors, particularly at small sample 

size and lower ICC. Therefore, to make a valid inference about parameter estimates 

and their standard errors, at least 200 dyads are required with higher ICC 

conditions(>0.2). Given our findings, researchers are suggested to be cautious the use 

of MCFA with dyads, especially when the between-group part is the primary focus of 

investigation. 
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CHAPTER 1 
INTRODUCTION 

Nested (or structured) data are common in social and behavior sciences. Nested 

data arise when the observed scores collected from individuals interact in some way to 

produce correlated groups. For example, students are nested within classrooms, 

patients are nested within hospitals, children are nested within their families and 

repeated measures are nested within individuals. Dyads, as one special case of 

hierarchical structured data, represent data nested within groups of 2 (e.g., married 

couples, twins, student partners). Statistically, nested dyadic data imply that units 

interacting within groups (dyads) are likely to be more similar than those from different 

groups (e.g., Gaudreau, Fecteau & Perreault,  2010; Gonzalez & Griffin, 1999; Kenny, 

1996). When individuals are nested, the fundamental independence assumption 

underlying most conventional inferential methods (e.g., ANOVA, OLS regression) are 

violated, leading to underestimated standard errors, increased Type I error rate and the 

reduction of power in statistical significance tests (Moerbeek, 2004; Van Landeghem, 

De Fraine & Van Damme, 2005). 

To better address these issues, there are currently two approaches for analyzing 

the effects of clustering on individual performance. The first one is multilevel regression 

modeling (MRM) (Goldstein, 2003) which is also known as ‘variance component model’ 

(Longford, 1987), ‘hierarchical linear model’ (Raudenbush & Bryk, 2002), ‘random 

coefficient model’ (Kreft & de Leeuw, 1998) or mixed effects model (Pinheiro & Bates, 

2000). A second approach is multilevel structural equation modeling which integrates 

multilevel modeling within a latent variable framework (Heck & Thomas, 2008; Hox, 
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2002; Kaplan, 2008; Mehta & Neale, 2005; Muthén, 1994). A detailed introduction to 

these two approaches will be given next.  

Multilevel regression models concern the existence of nested data by allowing for 

residual components at each level in the hierarchy. For example, a two-level model 

which allows for grouping of child outcomes within families would include residuals at 

the child and family level. Therefore the residual variance is partitioned into a between-

family component (the variance of the family-level residuals) and a within-family 

component (the variance of the child-level residuals). An advantage of using MRM 

versus a more traditional approach is the segregation of grouping effects. In the fixed 

effects model (i.e., Analysis of variance, OLS regression), the effects of the cluster-level 

predictors were confounded with the influences of group variables, unless dummy 

cluster indicators are included in the model or cluster-mean centering is performed 

(Allison, 2009). However, in a multilevel model, effects of both types of variables can be 

estimated. Clusters are treated as random samples to make efficient and valid 

inferences. Considering dyadic member’s nested structure within groups of two, 

multilevel regression modeling provides rationale for grouping effects and appropriately 

partitions predictor variance into its within-dyad part (e.g., wife) and between- dyad 

part(e.g., couple) (Heck& Thomas, 2008; Raudenbush & Bryk ,2002).Over the past ten 

years, MRM have been increasingly applied to dyadic area (e.g., Cook, 1994; Barnett, 

Marshall & Raudenbush ,1993; Kurdek, 2003 ; Raudenbush, Brennan & Barnett, 1995; 

Atkins, 2005; Newsom, 2002; McMahon, Pouget & Tortu, 2006; Kenny & Cook,2006). 

For example, to provide a practical guide, Campbell and Kashy (2002) used two 

statistical software programs—SAS PROC MIXED and HLM performing analysis of 
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dyadic data with continuous outcomes. McMahon and his colleagues (2006) extended 

Campbell and Kashy’s work by employing nonlinear multilevel modeling of dyadic data 

with binary outcomes using NLMIXED in SAS. In a simulation study, Newsom & 

Nishishiba (2002) provided useful information about statistical properties of MRM with 

dyadic data. The results showed that the inclusion of random slope effects will lead to 

serious convergence problems. As many have noted, it is impractical to estimate both 

the random slope and random intercept effects simultaneously, more specifically, in the 

presence of dyadic data, MRM models with both random effects result in too many 

parameters that cannot be estimated given the limited number of covariance elements 

within each level 2 units, thus leading to problems in model identification. 

As is the case with any statistical procedures, MRM has its intrinsic limitations: (a) 

MRM does not allow level-2 outcome variables to be predicted with level-1 variables. (b) 

MRM assumes that all the variables of interest are perfectly reliable (or no 

measurement errors are included), yet this assumption is rarely met in practice which 

can result in biased parameter estimates and attenuated standard errors. (c) MRM does 

not provide measures of a global model fit. Interestingly, these conventional 

disadvantages of MRM can be perfectly offset by the structural equation modeling (SEM) 

framework (Bauer, 2003; Kline, 2011). More precisely, SEM is a latent variable 

technique that not only takes measurement error and model fit into account, but also 

allows more accurate estimates of the structural relationship between observed/ latent 

variables (Heck & Thomas, 2008). However, the limitation of SEM lies in the assumption 

of independent observation and therefore fails to model ‘grouping effects’ (Muthén, 

1994). 
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Clearly, since each of these two approaches has unique attributes, it is not 

surprising that methodologists are interested in fostering their synergy. The result is 

multilevel structural equation modeling (MSEM), which synthesizes the advantages of 

MRM and SEM under the general latent analytical framework (e.g., Mehta & Neale, 

2005; Muthén & Asparouhov, 2011). MSEM is compared with multilevel regression 

modeling (MRM) by Zhang and Willson (2006). They noted the advantages of MSEM’s 

better capacity for the estimating unobserved latent variables, whereby the relationships 

for measurement errors are corrected and error homogeneity is tested. Secondly, 

MSEM better models a variety of complex theoretical models of interdependence such 

as the actor-partner dyadic model and the mutual influence model (Kenny, 1996; 

Griffin& Gonzalez, 1995,2012). Thirdly, several features of SEM such as global model fit 

test, multi-group analysis and nested model comparison are also available in MSEM 

(Newsom, 2002; Tomarken & Waller, 2005).   

Although considerable advances have been made in this respect, MSEM is still a 

promising area for methodological inquiry. Recent computational advances such as 

Mplus (Muthén & Muthén , 2012), LISREL (Jöreskog & Sörbom, 1996), and GLLAMM 

(Rabe-Hesketh, Skrondal & Pickles, 2004) made MSEM accessible to more general 

formulations and a few sources suggest it as an approach for dyad analysis (e.g., 

Newsom, 2002; Peugh, DiLillo & Panuzio, 2013).  

When methodologists consider the utility and generalizability of MSEM, however, 

little is known about the behavior of estimates, their standard errors and chi-square 

significant test when data is nested within extremely small groups. There is also a 

paucity of research examining dyad within MSEM framework. Therefore, it is unclear 
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how the complexity of dyadic data affects the performance of estimation methods. The 

present study examines these issues in a Monte Carlo simulation study of MSEM with 

dyadic data under varying level of ICC and number of dyads. 
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CHAPTER 2 
LITERATURE REVIEW 

 Multilevel Structural Equation Modeling  

The general concern of multilevel structural equation modeling is testing the 

hypothesized interrelationships between latent variables and/or their indicators in the 

presence of hierarchical structure data. Interestingly, some statistical inferences and 

research questions can only be validly addressed within an MSEM framework, For 

example, dyadic researchers may have interests in an important question: does wife’s 

work performance (individual-level latent trait) depend on marital quality (dyad-level 

latent trait)? 

As is introduced by Muthén & Asparouhov (2009), MSEM has its root in single-

level SEM which falls primarily into two categories: (a) confirmatory factor analysis (CFA) 

that focuses on relations among latent variables and measured indicators; and (b) path 

analysis (PA) that examines the relations (e.g., direct, indirect effects) among a set of 

observed items. Likewise, the CFA model and the path model can be synthesized into a 

full MSEM model with both measurement and structural components. The general 

formulation of single-level CFA is expressed as follows: 

                                                                                               (2-1)   

Where i refers to an individual unit,  is an intercept vector,   is the regression 

coefficients or factor loading matrix, i  is the unobserved latent variables and i  is the 

measurement residual vector (Muthén ,1994). Thus, the observed variables iy  can be 

expressed as a function of latent variables, observed covariates and measurement 

residuals.  

y i      i   i 
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When SEM is used to analyze the models for means and covariance/correlation 

matrix of observed variables, the equation can be expressed as follows: 

'= ( )     （ ）                                                                                       (2-2)                                      

( )u a                                                                                                       (2-3)                                                        

Where Equation (2) refers to the model-implied covariance matrix  which is   

expressed as a function of factor loading matrix  , factor covariance matrix  and 

measurement errors in  . And ( )u   refers to means vectors also expressed as a 

function of parameters in  . In SEM, the parameters   are estimated so that the 

discrepancy between the observed sample covariance matrix S  and the model implied 

covariance matrix （ ） is minimized (Bollen, 1989). 

Now, consider for simplicity a two-level single factor model where data are 

gathered on a number of N individuals ( i ) nested within G groups (g). Then the MSEM 

formulation can be illustrated as follows: 

ig ig igy v                                                                                                    (2-4)  

where the observed score of individual i  ( i =1…N ) in group g  expressed as a function 

of a measurement intercept vector ( v ), a factor loading matrix ( ), underlying factor 

score ( ig ) and measurement residual vector ( ig ) (Muthén,1994; Muthén & Satorra, 

1989) which are assumed to be normally distributed with a mean of zero and variance-

covariance matrix. It is worth noting that in MSEM, the parameter matrix are allowed to 

vary across groups and the factor means should be specified as a random effect at the 

between group level. As such, ij  in Equation (4) can be further expressed as follows: 

ig Bg ia                                                                                                      (2-5) 

BS
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where a refers to the intercepts vector( or the overall expected value for ig ), 
Bg  refers 

to a random factor that represents variation across groups and i  is the individual 

residual terms that assume to be normally distributed with a mean of zero and variance 

matrix. It follows then a total factor variance and the residual variation of ig  can be both 

decomposed into a between-group part and a within-group part: 

                                                                          

 

In the same manner, a multivariate population covariance matrix T can be 

decomposed into the sum of a between-group component B  and a with-group 

component W (Muthén, 1994; Muthén & Asparouhov, 2009; Hox, 2002). That is, 

 

       ( ) ( )B Bg Bg W Wg WgCov Cov          

       ' '

B B B B W W W W                                                                      (2-8) 

Finally, the sample covariance matrix TS  is produced (Muthén, 1994; Muthén & 

Asparouhov, 2009; Heck & Thomas, 2008) as follows: 

T B WS S S 
                                                                                                  (2-9) 

In MSEM, the hierarchical data are assumed to be estimated by the between–group 

models and within-group models simultaneously, however, what is at issue here is that 

BS  is not an unbiased ML estimator for B and the same is true for WS . Thus it is 

V (  i g )   B   w 

V (  i g )   B   w 

T   B   W  

                              (2-6) 
 
                                                (2-7) 
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complicated to test a within- groups model for WS  and a between groups model for BS  

(Muthén, 1994; Muthén & Satorra, 1989). 

 To address this issue, several analytic approaches for two-level structure are 

developed (e.g., Muthén, 1994; McDonald, 1994; Goldstein, 1995, 2011; Rabe-Hesketh 

et al., 2004; Mehta & Neale, 2005). In the next part, we will first give the detailed 

illustration of Muthén’s limited information maximum likelihood approach (MUML) which 

shows easier calculation and faster convergence than ML procedure. 

Muthén’s Limited Information Maximum Likelihood Approach (MUML) 

In Muthén’s pseudo-balanced approach (1989, 1990) the pooled within group 

covariance matrix  is given as the unbiased sample estimate of W . The equation 

shows as follows: 

                                                           (2-10) 

where N and G refer to the total sample size and number of groups (or sample size at 

cluster-level ) respectively,  is the observed score for individual   in cluster , and  

 is the group mean of   for cluster . 

Similarly, the sample estimate of between group covariance matrix B , denoted 

as , is calculated as follows: 

 

1
( )

1

G

B j i

j

S n y y
G

 

                                                                                    (2-11) 

where  refers to the grand mean of (or the overall sample means) and are 

defined as before. 

Spw

yij i j

y j yij j

SB

y yij G,n j y j

S 
P W 
 

1 

N  G 
( y i j 

i  1 

n j 

 
j  1 

G 

  y j ) ( y i j  y 
j ) 

' 
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Muthén indicated (1990) that, in the context of perfectly balanced data in which 

 (e.g., for dyadic data,  for all cluster ),  

                                                                                                      (2-12) 

                                                                                               (2-13) 

where 
pws  is the unbiased ML estimator of and *

BS   is the function of the combination of 

B and the group -size weighted W , in which the scale factor c equals to the 

common group size jn
 
. 

However, in the context of unbalanced data (values of n  vary across clusters). 

*

BS  becomes an estimator for the subset of groups with unique group size d, 

                                                                                          (2-14)
 

where the scale parameter dc  is distinct for each subset d . Muthén (1990) then further 

suggested calculating *

BS  including an ad hoc estimator *c  for the scaling factor, 

2 2

*

( 1)

G

j

j

N n

C
N G







.                                                                                             (2-15) 

where *c is almost equal to the average sample size within clusters. By analyzing BS and 

PWS  simultaneously, we can assess the model fit and parameter estimates. 

Muthén (1990) defined the result of this equation as a limited information 

maximum likelihood solution (MUML), which also refers to a pseudobalanced solution 

(McDonald, 1994). This approach is currently only available for multilevel models in 

GLLAMM (Rabe-Hesketh et al., 2004) and for SEM in Mplus (Muthén & Muthén, 2012), 

n j = n n j = n = 2 j

S P W  W  

S 
* 
B  c B   W  

S B d 
* 
 W   c d B  
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generally combined with default robust estimator for parameter estimates and the chi-

square model test for the heterogeneity correction (See Muthén & Satorra, 1995). In the 

case of balanced data, MUML estimator is claimed to be unbiased (Muthén, 1989) and 

produced similar results as full information maximum likelihood (FIML) estimator (Hox & 

Maas, 2001; McDonald, 1994; Muthén & Satorra, 1995). 

 Full Information Maximum Likelihood Estimation for MSEM 

When Hartley and Rao (1967) first provided a description of using maximum 

likelihood estimators for multilevel models, Dempster, Laird and Rubin (1977) then 

developed the expectation - maximization (EM) algorithm, based on which, FIML makes 

it accessible to analyze the hierarchical structural data involving both continuous and 

discrete outcomes (Raudenbush & Bryk, 2002).   

For the ML estimator, a discrepancy function  F  is applied to examine the 

distance between the observed and model-implied covariance matrices and vector of 

means, expressed as follows (Jöreskog, 1967):     

1log ( ) log ( ( ) )F tr P                                                              (2-16)                                                        

Where log  indicates the determinant of a matrix,  tr  denotes the trace of 

a matrix and p is the number of observed variables. When ( )  , then 0F 

reflecting the model is correctly matched, if ( )  , 0F   indicating the model is 

mis-specified. Given the sufficiently large sample size, the correct model specification 

and multivariate normality distribution, the MLT statistics: 

( 1)MLT n F


 
                                                                                                  (2-17) 

is distributed as chi-square distribution with a degree of freedom, which is 
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( 1)

2

p p
df q


                                                                                               (2-18)       

Where p  refers to the number of observed indicators and  q  refers to the 

number of model parameters.  

For the two-level covariance matrix, the ML fitting function considers individuals 

nested within groups and the equation under normality can be expressed as follows 

(Muthén & Satorra, 1995): 

 1log ( ) logW B W B B BG c trace c S S p          
                           (2-19) 

 1( ) log logW PW WN G trace S p      
    

As a result, the incorporation of multilevel analysis within a general SEM 

framework allows for both intercepts and slopes to vary across groups (Mehta & Neale, 

2005). As mentioned before, evaluation of model fit is one of the unique strengths of the 

MSEM framework. In particular, the chi-square significant test is the most widely used 

for testing the null hypothesis, which assumes that the observed and reproduced 

sample means and variance/covariance are perfectly matched given the degree of 

freedom of the specific model and the 2x value. However, in practice, the elements of 

the population covariance matrix  are unknown but can be estimated by using the 

sample covariance matrix S , so the null hypothesis is then expressed as follows:  

0 : ( )H S  ,   ( )y u                                                                                     (2-20)                                                                                                                                                                      

If the null hypothesis 0H  fails to be rejected, we can conclude that the hypothesis model 

results in the perfect reproduction of the population covariance matrix and mean vectors.  
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Factors Affecting Accuracy of Estimates 

 Intraclass Coefficient and Design Effect 

Hox and Maas (2001) pointed out that the magnitude of intraclass correlation 

coefficient (ICC) has positive effects on the accuracy of MUML produced parameter 

estimates. ICC, which refers to the extent of systematic variance that is due to grouping 

effects (Raudenbush & Bryk, 2002), can be modeled as follows:  

00

2

00

p


 



                                                                                                     (2-21)                                                                                                    

Where 00  and 2  refer to the between-group variance and within-group variance, 

respectively. ICC is the magnitude of the correlation of observations within a cluster. To 

dyads, ICC quantifies the magnitude of dyadic interdependence. The values of ICC 

range from 0 to 1, when the value of ICC closes to zero, suggesting that the grouping 

effects are trivial. Thus, MSEM can be simplified into single-level SEM. On the other 

hand, a higher value of ICC indicates a greater proportion of between group level 

variance. In other words, individuals within dyads are more homogeneous than those in 

different dyads, thus leading to greater bias if multilevel modeling techniques are not 

taken into account (e.g., Gonzalez & Griffin, 2002; Heck & Thomas, 2008). Snijders and 

Bosker (1999) indicated that the ICC value should be greater than 0.05 to construct the 

multilevel analysis. 

Rather than focus on ICC, some researchers considerd the size of the design 

effect as the issue in multilevel modeling (Maas& Hox, 2005; Muthén & Satorra, 1995). 

Shackman (2001) identifies that DEFF is an adjustment that should be used to 

determine sample size. In cluster sampling, design effect can be expressed as follows 

(Kish, 1965): 
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DEFF= 1+ (average cluster size-1)*ICC                                                        (2-22) 

As a function of ICC, DEFF measures the magnitude of underestimation in 

sampling variance, in other words, it measures the extent to which the sample size 

needs to be adjusted due to clustering effects. Only when the average cluster size 

equals to 1 and / or ICC equals to zero, DEFF equals to 1, implying no variance exists 

in the between- group level. Many researchers undertake multilevel modeling when 

DEFF > 2(see Muthén & Satorra, 1995, for a report of the Monte Carlo study). If Design 

Effect 2, analyzing multilevel structured data with conventional SEM does not result in 

overly misleading results. Note that, Muthén (2004) further pointed out that the rule of 

thumb serves as a guideline when researchers concern the bias of standard errors and 

chi-square when ignoring the nested structure of the data. However, if multilevel 

structure itself is of interest, in that case, multilevel modeling can still be done even 

when there are smaller design effects (DEFF <2), as it clearly is with dyadic data. In 

general, both analytic work and simulation research demonstrated that the significant 

test without considering multilevel structure of data will lead to overly misleading 

“significant” effects (Barcikowski, 1981; Tate & Wongbundhit, 1983; Hox, 2002; Julian, 

2001).  

Sample and Cluster Size Issue  

In the multilevel structural equation modeling, the asymptotic maximum likelihood 

estimator is used most often under the assumption that the large sample size goes to 

infinity, the violation of which will lead to biased parameter estimates and incorrect 

standard errors. While most social and educational research is based on varying 

sample sizes at more than one level, especially given that the sample size of the 

individual level is by nature larger than that of a group, the investigation of the minimum 
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sample size required for individual-level and group-level is usually of concern. Eliason 

(1993) recommends a minimum sample size of 60 for ML estimator, but this would 

apply to the group-level for multilevel modeling,  

Simulations designed to assess the sample size issue in multilevel structural 

equation modeling are beginning to appear in literature (Hox, 1995; Hox & Maas, 2001; 

Hox, Maas & Brinkhuis, 2010; Meuleman & Billiet, 2009; Hox, Van de Schoot & 

Matthijsse, 2012). Of particular note was Hox and Maas (2001) who investigated the 

robustness of MUML in estimating a multilevel CFA under varying levels of ICC (0.2-

0.33), number of groups (50-100-200), cluster size (10-20-50) and group imbalance. 

Results showed that the within-group part pose no problems across all conditions. 

However, several problems were found in the between- group part when the number of 

groups is small (50). The problems include inadmissible or under-estimated parameter 

estimates, inaccurate standard errors and biased residual variance. Particularly, ICC 

had the largest effects on parameter estimates and their standard errors, but the effects 

of cluster size were negligible. Besides, the chi-square model test was accurate in the 

balanced case but shows small positive biases with higher ICC and imbalanced groups. 

As a result, the authors suggested the minimum number of groups to be 100 for good 

MUML performance and at least 200 groups are required for a valid inference of 

residual variance. In a later study, Hox and his colleagues (2010) compared the 

performance of MUML, FIML, and DWLS estimators under similar conditions. Results 

consistently showed the robustness of the within-group part regarding the parameter 

estimate and their standard errors of factor loadings. The authors also pointed out that 

ICC has no effects on any of the conditions. But this contradicted to the previous results 
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of Hox and Maas (2001) who indicated that ICC has the greatest effects on 

convergence problems. This was because the effect of ICC was confounded with the 

amount of systematic variance in the between-group model (Hox et al., 2010). In 

addition, it was found that the most important factors that influence mode fit test are 

level-2 sample size and estimation methods, particularly MUML leaded to the most chi-

square value bias. Interestingly, the bias increased as the average level-1 size 

increased. Nevertheless, based on analytical study about statistical properties of MUML, 

Yuan and Hayashi (2005) discussed the role of level-1 and level-2 sample sizes on the 

standard errors and test statistics of the MUML procedure. The authors showed a 

conclusion opposite to Hox and his colleagues (2010), indicating that smaller cluster 

size leads to a higher coefficient of variation. In addition, only when the group numbers 

goes to infinity, do MUML-produced standard errors and the chi-square test lead to valid 

inference. 

Recently, Meuleman and Billiet (2009) conducted a simulation study concerning 

the required group numbers for accurate multilevel SEM estimation in cross-national 

research. The study varied the average cluster size from 585-2925 with the number of 

groups varying from 20-100 and differing levels of ICC (0.08-0.25-0.5). Consistent with 

those reported by Hox and Maas (2010), although no parameter bias was found in 

within-group part, there were small bias in variance estimates and their standard errors. 

This bias decreased rapidly with increasing group size. However, in the between-level 

part, significant estimation problems are present with a small number of groups (20). 

ICC was found to have no substantial influence on estimation accuracy. Furthermore, 

the authors suggested a sample of 50-100 counties that is needed for accurate 
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estimation. Yet, contrary to earlier studies (Snijders & Bosker, 1993; Mok, 1995; Hox & 

Maas, 2001), no evidence was found for the existence of trade-off effects between 

level-1 and level-2 sample sizes, perhaps this was due to the fact that the level-1 

sample size in the study was relatively large. More recently, Hox and his colleagues 

(2012) reanalyzes the simulation of Meuleman and Billiet (2009) to investigate the 

accuracy of the Bayesian estimation method with a very small numbers of countries. 

Results showed that a sample of about 20 countries is sufficient for accurate Bayesian 

estimation in MSEM.  

In sum, although there appeared to be substantial problems in making variance 

inference in the between-group part, studies consistently indicated accurate parameter 

estimates in the within group part with a small number of groups. However, those efforts 

mainly focused on the effects of a small number of groups rather than on marginal 

group sizes. Even though most findings suggested that the effects of group-level 

sample size is more beneficial than that of the level-1sample size (e.g., Hox & Maas, 

2001; Snijders & Bosker, 1993), what remains unclear was the extent to which small 

individual size (e.g., dyads) impact the group-level model fit or parameter estimates in 

MSEM. 

Interestingly, simulation studies on the accuracy of multilevel regression 

estimates also revealed similar results of MSEM. (Busing, 1993; Van der Leeden & 

Busing, 1994; Clarke & Wheaton, 2007; Maas & Hox, 2004, 2005; Mok, 1995; Bell, 

Morgan, Kromrey & Ferron , 2013). In general, the regression coefficient of individual 

level appears to be robust across all conditions, generating accurate estimates even 

with only 30 groups and small group size (=5) (Maas & Hox, 2004, 2005; Kreft 
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1996).However, the group level variances and regression coefficients are usually 

underestimated with small sample size.(Busing, 1993; Van der Leeden & Busing, 1994; 

Mok, 1995; Maas & Hox, 2004) and this bias is greatest at higher levels of ICC  (Hox & 

Maas, 2001). 

As a result, a series of sample size guidelines or ‘rules of thumb’ were referenced 

in the current literature. Kreft (1996) proposed a “30/30” rule which calls for a minimum 

of 30 groups with at least 30 units per group. This rule was later developed by Hox 

(1998) who suggested increasing the sample size to 50/20(that is, a minimum ratio of 

50 groups to 20 units per group) to better test the cross-level intersection. Further, Hox 

provided a 100/10 rule (a minimum ratio of 100 groups to 10 units per group) for 

variance and covariance testing.  

 The Performance of Multi-level Modeling with Dyadic Data 

The guidelines mentioned above were commonly cited in empirical literature (e.g., 

Hox, 1998; Bell et al., 2013). Researchers continued to work with small cluster size and 

recommended multilevel regression models as powerful and flexible tools when testing 

the inter-dependence effects on dyadic case (e.g., couples, twins, a class of two 

students). However, rule of thumb seemed to be followed without real proof of what the 

minimum number of groups was required in the presence of extremely small cluster size 

should be. Besides, no simulation study had been conducted to examine dyads.  

Concern regarding this gap was first expressed by Newsom and Nishishiba 

(2002) in a small simulation study with 200 replications in each cell of design. They 

examined the effects of the number of dyads and ICC on parameter bias, their standard 

errors as well as convergence difficulties with REML estimator under a wide- ranging of 

number of groups (50, 100, 200, 500, 1000) and levels of ICC (0.05, 0.1, 0.2, 0.3). 
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Results indicated that fixed effects and their standard errors showed generally low bias 

across all conditions. However, estimates of random effects leaded to serious non-

convergence problems, upward bias in parameters and their standard errors. 

Specifically, for intercept variance estimates, with higher ICC values (>0.1), fewer dyads 

were needed to avoid convergence problems. It was also found that parameter bias 

decreases as the number of dyads increase. This increase also varied as a function of 

ICC. In addition, to obtain unbiased standard error estimates for intercepts, 500, 200, 

and 200 dyads are required for ICCs of 0.10, 0.20 and 0.30, respectively. However, 

estimates of slope variance and their standard errors appeared to be positively biased 

under all conditions and therefore seem to be impractical for dyadic researchers. As 

such, only random intercept components should be included in the random part of MRM 

(McMahon et al., 2006). 

A recent simulation study by Clark and Wheaton (2007) focused on the effects of 

small groups’ sparseness on the validity of parameter estimates in two-level linear 

models. The study includes sample sizes as few as 2 observations (dyads), with the 

number of groups varying from 50-100 and different levels of ICC (0.1 through 0.30). 

Consistent with those reported by Newsom and Nishishiba (2002), results showed no 

evidence of parameter bias in fixed effects across all conditions, but they did find 

evidence of positive bias in level-2 variance components in the conditions with dyadic 

data and small number of groups (= 50). However, it was interesting to find that this bias 

disappeared when the number of groups is larger than 200. Later, in another similar 

study, Clark (2008) extended the simulation study to examine small cluster size effects 

across continuous and discrete outcomes with both linear and non-linear hierarchical 
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models. He demonstrated that the similar findings hold for both continuous and discrete 

outcomes, the only exception was the evidence of upward bias in fixed effects for non-

linear model with unbalanced data and extremely small cluster size (< 2).   

In general, simulation studies regarding dyads (Newsom & Nishishiba, 2002; 

Clarke & Wheaton, 2007; Clarke, 2008) consistently showed robust performance of 

fixed effects under all conditions, but still reported substantial difficulty in making 

inferences about the variance components. Although these findings had paved the way 

for more general analytic work about dyads, each of them was still limited in certain 

aspects: (a) Newsom and Nishishiba (2002) conducted simulation study based on 

simple two-level hierarchical linear models; (b) In Clark (2008)’s further simulation study, 

cluster size was varied from 2 to 20 while the number of groups was held constant, 

equal to 200 and as such, it was difficult to test the effects of dyads on convergence 

difficulties, parameter bias and their standard errors with increasing number of groups.  

 Current Study to Evaluate the Performance of MSEM with Dyadic Data 

Eventually, dyadic researchers became interested in not only the performance of 

simple MRM with extremely small cluster sizes, but also in modeling latent variables 

and measuring goodness of model fit. MSEM is a competing technique to explore these 

issues with a variety of model testing options that are previously unavailable. However, 

only a few instances of researchers applying the MSEM to dyadic areas were available 

(e.g., Newsom, 2002; Dyer, Hanges & Hall, 2005; Geldhof, Preacher & Zyphur, 2014). 

For example, Newsom (2002), based on latent growth modeling, provided a strategy of 

application for second-order factor model with small groups using 116 couple data set, 

results showed that small sample size may lead to empirical under-identification 

problems (that is, negative variances occurred for the latent intercept or slope). Dyer 
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and his colleagues (2005) provided an empirical demonstration of Muthén’s multilevel 

confirmatory factor analysis model (MCFA) with leadership data reflecting a 

unidimensional construct at both the individual and societal level of analysis. It was 

proved that MCFA leadership constructs do operate at the person and dyad groups 

(Yammarino, Dansereau & Kennedy, 2001). In a recent simulation study, Geldhof and 

his colleagues (2014) explored the applicability of MCFA for multilevel reliability 

estimation with varying cluster sizes (2-30), numbers of groups (50-200), and different 

levels of ICC (0.05-0.75). Results showed that dyadic data leaded to convergence 

problems when ICC was low (<0.2). Besides, contradictory to the previous findings 

showing robust performance of parameter estimates in the within-group part across all 

conditions (Newsom& Nishishiba, 2002; Clarke & Wheaton, 2007; Clarke, 2007), results 

in this study showed that dyadic data had an impact on within-group parameter 

estimates with small sample size and low ICC. 

Clearly, more information is needed on estimation problems mentioned above. 

As a result, it is of great importance to further investigate under what conditions do non-

convergence problems, bias in estimated parameter and their standard errors likely to 

occur. At the same time, when pseudobalance approach described by Muthén (1989, 

1990) has become widely used to perform MSEM, no simulation study has analyzed the 

robustness of the MUML estimator for MCFA with dyads.  

To shed some light on the applicability of MSEM to dyads research, the present 

study focuses on examining the performance of the MUML estimator for dyadic data by 

employing multilevel SEM. More specifically, the purpose of this paper is to address the 

following interrelated questions: 
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(1) To what extent the MUML estimator for MCFA models of dyadic data result in 

convergence difficulty, bias in estimated parameters, standard errors and the chi-square 

test, confidence interval coverage rates of parameter estimates and Type I error rates of 

the chi-square test? 

(2) To what extent do convergence problems, bias in parameter estimates (factor 

loadings, factor variance and residual variance) and their standard errors, confidence 

interval coverage rates- in MCFA models of dyadic data, bias of chi-square statistic and 

Type I error rate of the chi-square test depend on number of dyads (group-level sample 

size) and/or ICC？ 
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CHAPTER 3 
METHOD 

To provide answers to the above research questions, a Monte Carlo simulation 

study was employed to examine the performance of MSEM with dyadic data under 

varying manipulated conditions. All data generation and analyses were completed using 

Mplus version 7.1 (Muthén & Muthén, 2010).  

Multilevel confirmatory factor analysis (MCFA) model, as a special case of 

MSEM without structural path linking to latent variables, are widely used in MSEM 

related simulation studies.(e.g., Hox & Maas, 2001, 2010; Yuan & Hayashi, 2005; 

Meuleman & Billiet, 2009; Julian, 2001; Hox et al., 2014). Recently, research work about 

MCFA with dyadic data was also located (Dyer et al., 2005; Geldhof et al., 2014). In 

addition, based on Julian (2009)’s simulation work indicating that the specification of 

model structure does not generally bias the results from fitting single-level covariance 

structure model to nested data. The current study is interested in testing if this result is 

still hold when fitting MCFA to dyads. Therefore, a two-level CFA (MCFA) model was 

employed for data generation across two simulation models that were commonly 

applied in the empirical study. 

Model 1: equal between and within structure (e.g., Hox, 1993; Dyer et al., 2005, 

Yuan &Bentler, 2007) 

Model 2: complex within and simple between structure (e.g., Hox & Maas, 2001, 

2010; Julian, 2001). 

Detailed information of each scenario is described later in this study. 

With cluster size of 2, the following design factors will be varied across two 

scenarios: number of dyads (level-2 sample size= 50, 100, 200, 300). The intraclass 
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correlation coefficient (ICC= 0.15, 0.2, 0.3, 0.33) and model specification (equal or 

complex between and within structures). These factors lead to an experimental design 

with a 4 (ICC) X 4 (sample size) X 2 (model specification) = 32 unique cells. For each 

cell of the simulation study, 2000 replications were generated. 

The simulation parameters were selected based on the following criteria: a) 

Simulation parameters were used in line with previous simulation studies, b) Selection 

of parameter values ensured that the simulation conditions mimic those found in applied 

research. A more detail rationale used for the value selection for each of these 

conditions will be provided later. 

The outcomes of interest in this simulation study were: (i) Percentage of non-

convergent solutions and inadmissible solutions. (ii) Standard errors and 95% coverage 

rate of the fixed effects and random effects. (iii) Parameter bias in fixed effects and 

random effects. (iv) The accuracy of chi-square test. 

Data-Generation and Analysis Models 

Model 1. Equal Between-Level Model and Within-Level Model 

The Multilevel- CFA model used to generate data is presented in Figure 3-1. This 

model is similar to those used in Dyer and his colleagues (2005), the within- and 

between- levels were specified to have an equal factor structure with six observed 

variables y1-y6 that load onto single latent factors. The latent factor and residuals 

variance were simulated with normal distributions and diagonal correlation matrix. 

Consistent with previous simulation work (e.g., Hox & Maas, 2001; Muthen & Satorra, 

1995), in the within part, the factor loadings and residual variance of all observed 

variables were assigned to be 0.8 and 0.36, respectively. In the between part, the 

parameter values (factor loadings, residual variance) will vary according to the ICC as 
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describes later. The analysis model was equal to population model as shown in Figure 

3-2. 

Model 2. Simple Between-Level Model and Complex Within-Level Model 

In scenario 2, a Multilevel- CFA model used to generate data is presented in 

Figure 3-3. This model structure is similar to those used in Hox and Maas (2001, 2010). 

The structure of the between-level model in Scenario 2 was the same as that of the 

between-level model in Scenario 1 with six observed variables y1-y6 that load onto 

single one latent factors. While in the within part, the six observed variables y1-y6 that 

load onto two latent factors. In the within part, the correlations between the common 

factors were set to be 0.3, the factor loadings and residual variance of all observed 

variables were assigned to be 0.8 and 0.36, respectively, In the between part, the 

parameter values (factor loadings, residual variance) will vary according to the ICC as 

describes later. The analysis model that was equal to population model was shown in 

Figure 3-4. 

 Simulation conditions 

Sample Size 

In general, there are three types of sample size that are commonly analyzed in 

MSEM: the total sample size N , the number of clusters j and the average number of 

units per cluster n . For dyadic data,  for all clusters , thus only balanced data 

were generated to represent the case of dyads. In this study, four level-2 sample size, n

=50, 100, 200 and 300 (i.e., N =100, 200,400 and 600, respectively) were used to 

represent different number of dyads. The reasons for choosing these levels of sample 

size were shown as follows: First, in the Hox and Maas (2001) simulation, number of 

n j = n = 2 j
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groups that larger than 50 were needed to produce acceptable between- model 

estimates, Second, in line with previous literature, the minimum number of 200 groups 

is usually reported to obtain consistent and efficient estimates when using ML 

estimation methods (e.g., Boomsma, 1987; Loehlin, 2013; Clark & Wheaton, 2007).  

Intra-Class Correlation (ICC)  

Four levels of ICC were manipulated in the present study: 0.15, 0.20, 0.3 and 

0.33. These levels of ICC are selected based on levels of clustering typically found in 

population based survey data (Gulliford, Ukoumunne & Chinn, 1999). In addition, 

though ICCs rarely exceed .30 in educational research (Lüdtke et al., 2008). ICC will 

sometimes exceed 0.33 in family research (Hox & Maas, 2001). It is of great values to 

examine the performance of MCFA with dyadic data under more realistic data 

conditions, therefore these ranges of ICC were considered.  

It is important to recall here that in MSEM, the ICC of a variable j is a function of 

between-level variance ( B ) and within-level variance ( W ) (Muthén & Satorra, 1995) 

as follows: 

/ ( )p
jj B B Wjj jj jj

       
     

                                                                 (3-1) 

Where jj  represents the j th diagonal element of a covariance matrix. According 

to Equation (8), in MCFA, the indicator variance is in turn a combination of three 

components: loadings between indicators and latent factors, latent factor variances and 

residual variance of indicators. Thus, ICC can be further expressed as a function of 

model parameters as follows (Muthén, 1991, 1994): 

2 2 2* / * *ij j B B j B B j W Wp                                                             (3-2)                
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Therefore, the ICC of population model can be controlled by adjusted portions of 

factor loadings and residual variance in between- and within-levels, while holding the 

factor variance constant, For instance, for a high ICC value of 0.33, the factor loadings 

and residual variance for the within-group part were held constant to 0.8 and 0.36, 

respectively. In the between-group part, the factor loadings were set to 0.5124 and 

residual variances were set to 0.23. As the latent factor variances were fixed to 1.0 

across two levels for model identification purposes, the latent variances and their 

correlation do not contribute to the calculation of the various ICCs. Population 

parameter values that correspond to different levels of ICC can be found in Table 3-1. 

 Dependent Variables and Analysis 

For each generated sample data set, the two-level CFA models were analyzed 

with the MUML estimator. The models were identified by fixing the latent factor variance 

to 1 in both the between part and within part. Thus the estimated parameters are the 

residual variance and factor loadings. With respect to dependent variables, each of the 

two models mentioned above will be compared based on the following: 

(i) Percentage of replications with convergence problems or inadmissible 

solutions (e.g., negative unique variances) across all conditions. More specifically, 

percentage of convergent solutions is examined by the number of samples that fail to 

obtain estimates. Improper (inadmissible) solutions, which is when MPLUS is able to 

obtain estimates, but they are not proper because they contain a negative variance or a 

correlation that is outside of the -1 to 1 range. 

(ii) 95% coverage rate refers to the proportion of replication for parameter 

estimate falls within the 95% confidence interval. 
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(iii) The accuracy of parameter bias was calculated by percentage relative bias. 

Let 
lm


be the average bias of each combined combination, the percentage relative bias 

was given by (Bandalos & Leite, 2013): 

( )B 


= lm 






                                                                                                   (3-3) 

Where   refers to the population parameter value. The relative bias was 

investigated with sets of factor loadings and error variance as multilevel outcomes. In 

line with Hoogland and Boomsma (1998)’s suggestion that a relative parameter bias 

( )B 


up to 5% is acceptable. If ( )B 


>0.05, estimation is regarded as not sufficiently 

accurate. 

(iv) Bias in standard errors of parameters (factor loadings and residual variance) 

was calculated by the following equations (Bandalos & Leite, 2013): 

     ( )B 


= 
- 





                                                                                                (3-4) 

 ( )B 


<0.1 is considered as a tolerable value (Hoogland &Boomsma, 1998). In the 

equation, 


 refers to the mean of standard error estimates across iterations of a 

combined condition, and  refers to the standard deviation of sample estimates, when 

the number of replications is large, this is considered to be the population standard error. 

(v) The accuracy of the chi-square global test is suggested by calculating the 

relative bias, comparing the estimated value with expected value. In addition, the 

percentage of rejected rate at a significance level of 5% is also presented. As the model 
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is correctly fitted in the current study, the expected value for the chi-square is equals to 

the degrees of freedom and the rejection rate indicated the Type I error rate. Following 

the prior simulation studies (e.g., Curran, West & Finch, 1996; Kaplan, 1989), the 

relative chi-square bias less than 5% is considered being acceptable. 
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Table 3-1. Population Parameter Values for Data Generation 

ICC B
  

B
  

w
  

w
  

0.33 0.5124 0.23 0.8 0.36 

0.30 0.4781 0.20 0.8 0.36 

0.20 0.3872 0.10 0.8 0.36 

0.15 0.3105 0.08 0.8 0.36 

Note: ICC=Intraclass correlation coefficient; 
w
 = Within-group factor loading; 

B
 = 

Between-group factor loading; 
B

 =Between-group residual variance;  

w
 = Within-group residual variance. 
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Figure 3-1.  Population Model Used for Data Generation in Scenario 1 
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Figure 3-2.   Analysis Model in Scenario 1 
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Figure 3-3.  Population Model Used for Data Generation in Scenario 2 
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Figure 3-4.  Analysis Model in Scenario 2 
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CHAPTER 4 
RESULTS 

 Non-Convergent Problems and Improper Solutions 

The percentage of replications with non-convergence problems and improper 

solutions (e.g., negative unique variances) over 2000 replications is presented in Table 

4-1 and Table 4-2, respectively. For Model 1, within- and between- levels were specified 

to have an equal factor structure with six observed variable loaded on a single latent 

factors. As Figure 4-1 and Figure 4-2 show, the model generally produced poor 

convergence rates when ICC values were lower than 0.3 and the number of dyads was 

less than 200. The model generated the highest percent of a negative definite matrix 

(60.5%) and non-convergent problems (30.5%) in conditions with the smallest number 

of dyads (50) and the lowest ICC (0.15). However, when the number of dyads increased 

from 50 to 300, the average proportion of non-convergent problems rapidly dropped 

from 21.7% to 3.9% and the improper solutions dropped from 43.8% to 6.9%. For Model 

2, the within- levels were specified to have the six observed variables that load onto two 

latent factors , MUML produced less non-convergent or improper solutions versus those 

of Model 1. Similarly, as Figure 4-3 and Figure 4-4 indicate, Model 2 had the worst non-

convergent problems (22.7%) and improper solutions (52.8) with ICC= 0.15 and j = 50. 

By increasing the number of dyads from 50 to 300, the corresponding non-convergent 

problems decreased from 13.3% to 2.4% and inadmissible solutions decreased from 

45.3% to 4.0%. Overall, there were modest differences evident in the convergence rates 

for model specifications. The convergence rates for both models increased as a function 

of the number of dyads and ICC values; with higher ICC values, fewer dyads are 

needed to avoid non-convergence or improper solutions. At the largest sample size ( j
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=300) together with the highest ICC (0.33), MUML estimation converged to proper 

solutions of all models across 100% of replications. 

 Parameter Bias 

Information about the magnitude of the bias in the parameter estimates can be 

determined by reviewing relative bias. Table 4-3 shows the results for bias estimates for 

the within-group part of Model 1 and Model 2. In the within-group part of Model 1, the 

factor loadings showed an overall positive bias of 0.8% with minor difference across 

varying levels of ICC. The largest bias was found at the smallest sample size. However, 

bias rapidly decreased when the number of dyads is increased. For residual variance, 

MUML consistently produced little negative bias across all the conditions, this bias 

seemed to be unrelated to ICC values but varied as a function of the increasing sample 

size. Again, the largest bias (-2.2%) was established in conditions with the smallest 

number of groups (50).  

A similar pattern was found for Model 2, though the estimates of factor loadings 

were consistently underestimated, which was different from that in Model 1. The overall 

relative bias was -0.3% for factor loadings and -1.2% for residual variance. Clearly, both 

the fixed and random parameters indicated little to negligible bias across all conditions. 

Once again, the largest bias was found at the lowest sample size, however, MUML 

rapidly produced accurate parameters with increasing number of dyads. 

In the between-group part of the model, bias in parameter estimates was quite 

different. Table 4-4 displays the results for bias estimates for the between-group part for 

both models. The overall bias of factor loadings was -7.8% for Model 1, therefore, a 

loading of 0.8 was typically estimated as 0.74. Bias in factor loadings estimates 

appeared to depend significantly on the sample size. When the number of dyads ranged 
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from 50-100-200-300, the corresponding degree of bias was -11.2%, -10.2%, -6.7% and 

-4.1%. This bias also varied as a function of increasing ICC, but this effect was more 

pronounced with lager number of dyads. The model produced less than 5% bias only 

when the ICC was increased to 0.3 and number of dyads reached to 200. In addition, 

comparison of the findings for Model 2 with those for Model 1 indicated that the bias in 

factor loadings was also affected by model specification. The overall bias for factor 

loadings was -5.0% for Model 2. Similarly, factor loading bias decreased as a function of 

increasing number of dyads and increasing ICC values. 

Residual variance estimates showed evidence of severe bias. The between- 

group model consistently indicted negative bias as high as -81.5% when the ICC was 

set at 0.15 with 50 dyads. Although bias rapidly decreased by increasing both the 

number of dyads and the ICC values, it still indicated greater than 10% underestimation 

when ICC was lower than 0.33 and number of groups was less than 200. Parameter 

estimates of the between-group part for Model 2 showed a similar pattern to that for 

Model 1. Again, when the number of groups was less than 200, parameter estimates of 

factor loadings and residual variance consistently showed severe bias across all levels 

of ICC. Bias in residual variance was highly problematic (-75.4%), this meant that the 

observed values of error variance were typically estimated less than half of their true 

values. 

Overall, regardless of the underlying model structure, bias estimates of the 

within-group part was typically less than 5% in all conditions, MUML produced accurate 

estimates when the ICC was increased to 0.2 and groups reached to 200. However, 

there appeared to be some indication that the parameter bias for between group-parts 
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was affected by model specification, particularly for factor loadings. Within each of the 

two models, parameter bias decreased as sample size and ICC increased. Bias in 

residual variance proved to be highly problematic unless the ICC is greater than 0.3 with 

a sufficient number of dyads. More specifically, to make a valid inference about variance 

estimates (bias<5%) for the between-group part, it appears that 200 dyads are 

necessary when ICC is larger than 0.2. 

 Standard Error Bias 

The proportion of relative bias in estimated standard errors for factor loadings 

and residual variance were presented in Table 4-5. The standard errors bias for factor 

loadings were predominately underestimated across all cells of conditions for both 

models. In the within-part of Model 1, the relative bias of standard errors for factor 

loadings was -14.1%. When ICC values were less than 0.2, the standard errors 

consistently show significant bias beyond -10% with minor difference across all the 

conditions. However, there was a direct trend toward less bias with increasing number 

of dyads and increasing ICC. Specifically, when the ICC values is larger than 0.2, by 

increasing the number of dyads from50 to 300, the corresponding standard error bias 

dropped from -15.0% to -6.7%. Interestingly, the effect of sample size and ICC on 

standard error bias for factor loadings appeared to be difference with model 

specification. For Model 2, the overall relative bias of standard errors was somewhat 

smaller (-6.3%) compared to those from Model 1 and this bias varied as a function of 

number of dyads and ICC across all the conditions. Although the standard errors exhibit 

negative bias greater than 10%, these observations were only limited to the smallest 

sample size combined with lower ICC levels (<0.3). 
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Regardless of underlying model structure, within each of the two models, the 

standard error bias for residual variance was quite smaller, with nearly every bias 

estimates below -5% across all the cells of design. The degree of bias largely depended 

on number of dyads but appeared to be little related to ICC. With increasing number of 

dyads, both models rapidly produced accurate standard errors for residual variance. 

With regard to the between - group part of models, the standard errors generally 

revealed a severe bias. These results can be found in Table 4-6. The standard errors 

for factor loadings were consistently underestimated. For model 1, the overall relative 

bias of standard errors for factor loadings was -16.8%. This bias was somewhat 

reduced at larger sample sizes together with higher ICC, however, as many as 300 

dyads were not sufficient to keep standard error bias under -10% across all ICC levels. 

In addition, standard errors bias for factor loadings also appeared to be related to model 

specification. For model 2, the overall relative bias of standard errors for factor loadings 

was -12.9%, the influence of sample size appeared to be much greater at higher ICC 

values (0.3). To obtain an acceptable standard error bias, j  = 300, 200 and 200 

seemed to be necessary for ICCs of 0.2, 0.3, and 0.33, respectively. 

The standard error bias for residual variance was much smaller and did not 

consistently move in a positive or negative direction .For mode 1, although it showed 

positive bias as high as 71.5% when the number of dyads was 50 and the ICC was 0.15, 

this bias dramatically decreased and tended to move in a negative direction with 

increased sample size and higher ICC values. A similar pattern was found for Model 2. 

Again, severe bias in standard errors (36.8%) was established at the smallest sample 

size ( j =50) together with the lowest ICC (0.15), this bias decreased as a function of 
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sample size and ICC. Therefore, to make a valid inference about variance estimates 

(bias<10%) for between-group part, 200 dyads appear to be necessary when ICC was 

larger than 0.2. 

 Confidence Interval Coverage Rates 

To investigate the effects of the combination of biased standard errors and 

biased parameter estimates, the 95% confidence interval for each parameter was 

calculated and the proportion of the interval that contains the population parameter 

value was then counted. The results for model 1 and model 2 are presented in Table 4-

7 and Table 4-8, respectively. In the within-group part of Model 1, the mean coverage of 

95% confidence interval was 90.9% for factor loadings with minor difference across all 

conditions. For residual variance, the mean coverage rates were 92.9% which appeared 

to improve as a function of increasing number of dyads. In the between-group part, the 

mean coverage of 95% confidence for factor loadings was too low (85.9%), however, 

the coverage rates clearly directly increased when number of dyads increased from 50 

to 300 and ICC levels increased from 0.15 to 0.33. The mean coverage of residual 

variance was 93.8% which generally improved with the increased number of dyads but 

appeared to be negatively influenced by ICC values.  

For Model 2, in the within–group part of the model, the mean coverage rate was 

93 % for factor loadings and 93.9% for residual variance. In the between part, the mean 

coverage was 87.7% for factor loadings and 94.1% for residual variance. Overall, the 

coverage rates for model 2 were consistently better than that for model 1. However, the 

variation trend was almost the same regardless of the underlying model structures.  
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 Chi-Square-Statistics 

Because the correct model was fitted in the current study, the expected value for 

the chi-square is equals to the degrees of freedom, which is 18 for model1 and 19 for 

model 2. At a 5% significance level, the expected proportion of true model rejections out 

of 2000 replications is 100. The relative bias of the chi-square test statistics and Type I 

error rates (using α = .05) for both models are presented in Table 4-9. For Model 1, 

MUML chi-square test statistics consistently showed downward bias across all the cells 

of design. This bias decreased as a function of increasing ICC values. When ICC 

increased from 0.15 to 0.33, the average bias drastically dropped from -9.6% to -1.6%. 

In addition, there appeared to be some indication that the chi-square statistics were also 

positively affected by sample size. For model 2, the chi-square bias again decreased as 

sample size increased, however, the effect of ICC on the bias in chi-square test values 

varied substantially with model specification. When ICC was less than 0.3, the chi-

square value turned out to be underestimated across all the conditions. However, this 

bias tended to move into a positive direction and was generally below 5% in a higher 

ICC condition (0.3). Overall, for both models, by increasing the ICC levels as well as 

the number of dyads, the size of chi-square gradually closed to its expected value which 

is 18, and MUML continued to produce Type I error rates that gradually close to the 

nominal 5%. 
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Table 4-1. Percentage of Non-convergent Solutions for Model 1 and Model 2. 

Number of 
dyads 

ICC .15 ICC .20 ICC .30 ICC .33 

n % n % n % n % 

Model 1 
        

50 611 30.5 468 23.4 359 17.9 33 15.1 

100 467 23.4 301 15 178 8.9 129 6.4 

200 319 16.0 156 7.8 40 2.0 20 1 

300 224 11.2 76 3.8 12 0.6 5 0 

         
Model 2  

        
50 455 22.7 297 14.8 178 8.9 137 6.9 

100 270 13.5 101 5.0 26 1.3 16 0.8 

200 114 5.7 14 0.7 1 0 0 0 

300 47 2.4 1 0 0 0 0 0 

Note. n= Numbers of non-convergent models. %= Percent of non-convergent problems. 
 
 
 
Table 4-2. Percentage of Non-convergent Solutions for Model 1 and Model 2 

Number of 
dyads 

ICC .15  ICC .20  ICC .30  ICC .33  

n % n % n % n % 

Model 1 
        

50 1210 60.5 1028 51.4 778 38.9 606 30.3 

100 868 43.4 660 33.0 378 18.9 308 15.4 

200 542 27.1 356 17.8 142 7.1 79 4.0 

300 264 13.2 196 9.8 92 4.6 0 0 

         
Model 2  

        
50 455 52.8 297 42.8 678 33.9 378 18.9 

100 270 34.3 101 25.1 328 16.4 16 8.8 

200 114 16.8 14 10.2 102 5.1 0 0 

300 47 9.4 1 6.4 0 0 0 0 

Note. n= Numbers of improper solutions. %= Percentage of improper solutions. 
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Table 4-3. Relative Bias in Parameter Estimates for Within Models 

    Number of 
dyads 

Bias in factor loadings Bias in residual variance 

    Bias %  Bias % 

Model 1 ICC .15 50 0 -0.1 -0.007 -1.9 

 
 

100 0.004 0.5 -0.003 -1.0 

 
 

200 0.005 0.6 -0.001 -0.4 

 
 

300 0.004 0.5 -0.001 -0.3 

 

ICC.20 50 0.008 1.0 -0.008 -2.1 

 
 

100 0.010 1.2 -0.003 -0.9 

 
 

200 0.006 0.8 -0.001 -0.4 

 
 

300 0.004 0.6 -0.001 -0.3 

 

ICC.30 50 0.014 1.7 -0.009 -2.3 

 
 

100 0.011 1.4 -0.004 -1.0 

 
 

200 0.004 0.5 -0.001 -0.4 

 
 

300 0.001 0.2 -0.001 -0.3 

 

ICC.33 50 0.015 1.7 -0.009 -2.4 

 
 

100 0.011 1.3 -0.004 -1.1 

 
 

200 0.003 0.4 -0.001 -0.4 

 
 

300 0 0 -0.001 -0.3 

       Model 2 ICC .15 50 -0.008 -1.0 -0.010 -2.5 

 
 

100 -0.003 -0.4 -0.005 -1.3 

 
 

200 -0.002 -0.2 -0.002 -0.5 

 
 

300 -0.002 -0.2 -.0.001 -0.3 

 

ICC.20 50 -0.004 -0.5 -0.010 -2.6 

 
 

100 -0.001 -0.1 -0.005 -1.3 

 
 

200 -0.002 -0.2 -0.002 -0.5 

 
 

300 -0.002 -0.2 -0.001 -0.3 

 

ICC.30 50 -0.003 -0.3 -0.010 -2.9 

 
 

100 -0.001 -0.1 -0.005 -1.4 

 
 

200 -0.002 -0.2 -0.002 -0.5 

 
 

300 -0.002 -0.2 -0.001 -0.3 

 

ICC.33 50 -0.003 -0.3 -0.011 -2.9 

 
 

100 -0.001 -0.1 -0.005 -1.4 

 
 

200 -0.001 -0.2 -0.002 -0.5 

 

  300 -0.002 -0.2 -0.002 -0.3 

Note. Bias= lm 


  ( lm


refers to the average bias of each combined combination,

refers to the population parameter value). %= the mean relative bias of parameter 
estimates. 
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Table 4-4. Relative Bias in Parameter Estimates for Between Models 

    Number of 
dyads 

Bias in factor loadings Bias in residual variance 

    Bias %  Bias % 

Model 1 ICC .15 50 -0.027 -9.0 -0.065 -81.5 

 
 

100 -0.037 -12.1 -0.038 -47.5 

 
 

200 -0.035 -11.3 -0.02 -25.0 

 
 

300 -0.025 -8.1 -0.014 -17.6 

 

ICC.20 50 -0.048 -12.3 -0.033 -33.5 

 
 

100 -0.048 -10.3 -0.063 -33.5 

 
 

200 -0.032 -8.4 -0.017 -17.0 

 
 

300 -0.021 -5.4 -0.01 -10.0 

 

ICC.30 50 -0.057 -12.1 -0.068 -34.0 

 
 

100 -0.042 -8.9 -0.03 -14.8 

 
 

200 -0.019 -4.0 -0.012 -6.0 

 
 

300 -0.009 -1.9 -0.007 -3.3 

 

ICC.33 50 -0.044 -11.3 -0.036 -19.2 

 
 

100 -0.037 -7.4 -0.031 -13.4 

 
 

200 -0.015 -2.9 -0.01 -4.5 

 
 

300 -0.005 -1.0 -0.006 -2.7 

 
 

     Model 2 ICC .15 50 -0.019 -8.1 -0.06 -75.4 

 
 

100 -0.017 -6.4 -0.033 -41.5 

 
 

200 -0.01 -3.3 -0.014 -17.3 

 
 

300 -0.007 -2.1 -0.007 -9.4 

 

ICC.20 50 -0.023 -7.9 -0.048 -48.0 

 
 

100 -0.016 -5.2 -0.024 -24.4 

 
 

200 -0.006 -2.6 -0.007 -7.3 

 
 

300 -0.002 -0.6 -0.004 -4.1 

 

ICC.30 50 -0.021 -6.4 -0.047 -23.7 

 
 

100 -0.011 -4.7 -0.018 -9.1 

 
 

200 -0.003 -1.5 -0.006 -3.1 

 
 

300 -0.001 -0.2 -0.004 -1.9 

 

ICC.33 50 -0.019 -6.1 -0.044 -19.2 

 
 

100 -0.009 -4.7 -0.015 -6.5 

 
 

200 -0.002 -0.4 -0.006 -2.6 

    300 0 -0.1 -0.003 -1.4 

Note. Bias= lm 


  ( lm


refers to the average bias of each combined combination,

refers to the population parameter value). %= the mean relative bias of parameter 
estimates. 
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Table 4-5. Relative Bias in Standard Errors for Within Models 

    Number of 
dyads 

Bias in factor loadings Bias in residual variance 

    Bias %  Bias % 

Model 1 ICC .15 50 -0.014 -12.0 -0.003 -3.4 

 
 

100 -0.010 -11.3 -0.001 -1.7 

 
 

200 -0.008 -13.6 -0.001 -1.5 

 
 

300 -0.007 -13.7 0 -0.6 

 

ICC.20 50 -0.017 -13.9 -0.003 -3.3 

 
 

100 -0.011 -12.9 -0.001 -1.5 

 
 

200 -0.009 -10.9 -0.001 -1.6 

 
 

300 -0.007 -8.9 0 0 

 

ICC.30 50 -0.019 -15 -0.003 -3.1 

 
 

100 -0.012 -13.3 -0.001 -1.7 

 
 

200 -0.007 -10.0 -0.001 -1.3 

 
 

300 -0.004 -7.8 0 -0.6 

 

ICC.33 50 -0.019 -15.1 -0.003 -3.0 

 
 

100 -0.012 -9.2 -0.001 -1.8 

 
 

200 -0.006 -8.6 -0.001 -1.3 

 
 

300 -0.003 -5.6 0 -0.6 

       Model 2 ICC .15 50 -0.014 -11.4 -0.006 -4.9 

 
 

100 -0.008 -10.5 -0.002 -2.3 

 
 

200 -0.004 -7.4 -0.001 -1.2 

 
 

300 -0.003 -6.7 -0.001 -1.3 

 

ICC.20 50 -0.014 -11.3 -0.006 -4.7 

 
 

100 -0.007 -12.5 -0.002 -2.1 

 
 

200 -0.003 -5.4 -0.001 -1.0 

 
 

300 -0.002 -4.0 0 -1.0 

 

ICC.30 50 -0.013 -9.8 -0.005 -4.1 

 
 

100 -0.006 -6.4 -0.001 -1.5 

 
 

200 -0.002 -2.9 0 -0.6 

 
 

300 -0.001 -2.5 0 -0.7 

 

ICC.33 50 -0.012 -9.2 -0.004 -3.7 

 
 

100 -0.002 -2.4 -0.001 -0.4 

 
 

200 -0.004 -2.4 -0.001 -0.4 

 

  300 -0.001 -2.2 0 -0.7 

Note. Bias= - 


 (


refers to the mean of standard error estimates across iterations of a 

combined condition, and refers to the standard deviation of sample estimates,). %= 

the mean relative bias of standard errors. 
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Table 4-6. Relative Bias in Standard Errors for Between Models 

    Number of 
dyads 

Bias in factor loadings Bias in residual variance 

    Bias %  Bias % 

Model 1 ICC .15 50 0.018 6.0 0.244 71.5 

 
 

100 -0.007 -3.2 0.139 65.2 

 
 

200 -0.029 -16.8 0.02 19.7 

 
 

300 -0.028 -19.2 0.003 3.0 

 

ICC.20 50 -0.044 -15.7 0.023 18.8 

 
 

100 -0.029 -13.1 0.042 21.0 

 
 

200 -0.03 -18.3 0.028 22.1 

 
 

300 -0.029 -22.3 -0.002 -3.1 

 

ICC.30 50 -0.025 -8.3 0.178 21.4 

 
 

100 -0.05 -23.2 -0.012 -6.2 

 
 

200 -0.029 -20.7 -0.009 -4.2 

 
 

300 -0.015 -14.2 0.001 2.4 

 

ICC.33 50 -0.031 -10.3 0.175 38.7 

 
 

100 -0.036 -16.5 0.062 22.8 

 
 

200 -0.026 -19.6 -0.007 -4.1 

 
 

300 -0.01 -10.1 -0.009 -3.0 

       Model 2 ICC .15 50 -0.035 -12.5 0.13 36.8 

 
 

100 -0.029 -13.6 0.057 22.7 

 
 

200 -0.026 -18.5 -0.01 -9.4 

 
 

300 -0.021 -18.9 -0.007 -12.6 

 

ICC.20 50 -0.042 -16.4 0.049 17.3 

 
 

100 -0.033 -17.9 -0.005 -2.8 

 
 

200 -0.016 -14.7 -0.003 -5.5 

 
 

300 -0.008 -9.7 -0.001 -1.4 

 

ICC.30 50 -0.047 -18.4 -0.024 16.5 

 
 

100 -0.022 -13.2 0.014 8.4 

 
 

200 -0.007 -7.2 -0.001 -2.0 

 
 

300 -0.004 -5.1 0 -0.8 

 

ICC.33 50 -0.041 -16.5 -0.023 -12.5 

 
 

100 -0.022 -14.2 -0.009 -9.0 

 
 

200 -0.006 -5.9 -0.001 -1.5 

 

  300 -0.003 -4.3 0 -0.5 

Note. Bias= - 


 (


refers to the mean of standard error estimates across iterations of a 

combined condition, and refers to the standard deviation of sample estimates,). %= 

the mean relative bias of standard errors. 
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Table 4-7. Coverage of 95% Confidence Interval for Model 1 

     Factor loadings coverage Residual variance coverage 

     NG        NG       

Model ICC 50 100 200 300 50 100 200 300 

Within 
Model 

0.15 92.0 91.8 90.3 90.2 91.3 93.1 94.0 94.6 

0.20 91.0 89.4 89.8 90.5 91.2 93.0 93.9 94.5 

 
0.30 90.0 89.9 91.5 92.6 91.0 93.0 94.1 94.6 

 
0.33 92.2 90.2 92.2 93.2 93.6 92.9 94.0 94.5 

  

        

Between 0.15 84.8 84.1 84.2 85.4 94.5 95.0 95.5 95.4 

Model  0.20 83.8 84.0 85.9 87.6 94.1 88.7 95.3 95.1 

 
0.30 83.2 85.4 89.7 92.0 92.9 93.8 94.6 94.9 

  0.33 87.4 86.8 91.1 93.2 92.9 93.7 94.3 93.8 

Note. NG = Number of dyads 
 
 
 
Table 4-8. Coverage of 95% Confidence Interval for Model 2 

     Factor loadings coverage Residual variance coverage 

     NG        NG       

Model ICC 50 100 200 300 50 100 200 300 

Within 
Model 

0.15 92.0 92.8 93.1 93.3 93.3 94.0 94.5 94.6 

0.20 91.9 92.8 93.7 93.8 93.5 94.1 94.7 94.8 

 

0.30 92.3 93.2 94.3 94.2 93.5 94.1 94.8 94.8 

 

0.33 92.1 93.4 94.4 94.3 91.8 94.1 94.8 94.8 

  
        

Between 
Model 

0.15 81.9 83.7 86.9 89.1 94.9 95.2 95.2 95.3 

0.20 83.6 86.7 90.5 92.3 94.3 94.7 94.8 95.0 

 

0.30 86.2 90.5 93.1 94.0 93.4 93.9 94.4 94.8 

  0.33 84.4 91.4 93.8 94.2 90.7 93.7 94.3 94.8 

Note. NG = Number of dyads 
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Table 4-9.  Relative bias in chi-square test and the percentage of rejected rate  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Note. NG = Number of dyads 
  

    Bias Chi-square test (%)   
Type I error rates with 

nominal α= 5 (%) 

 
ICC NG 

 
NG 

  
50 100 200 300 

 
50 100 200 300 

Model 1 

0.15 -9.4 -11.0 -9.8 -8.1 
 

2.5 1.7 2.2 1.8 

0.2 -7.7 -8.5 -5.9 -4.0 
 

3.1 2.0 2.7 2.7 

0.3 -4.9 -4.2 -1.5 -0.2 
 

3.3 4.6 3.6 4.3 

0.33 -3.8 -2.5 -0.5 0.5 
 

3.4 3.8 4.0 4.6 

Model 2 

0.15 -5.7 -7.0 -4.0 -2.4 
 

4.0 2.5 3.6 3.2 

0.2 -2.9 -3.2 -0.5 -0.2 
 

4.9 3.5 4.9 3.8 

0.3 0.4 0.1 0.9 0.9 
 

5.8 4.9 4.7 4.6 

0.33 1.7 0.9 1.2 1.1   6.6 5.0 4.6 4.6 
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Figure 4-1.  Percentage of Non-convergent Solutions for Model 1 

 
 
 

 
 

Figure 4-2.  Percentage of Improper Solutions for Model 1 
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Figure 4-3.  Percentage of Non-convergent Solutions for Model 2 

 
 
 

 
 
Figure 4-4.  Percentage of Improper Solutions for Model 2 
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CHAPTER 5 
SUMMARY AND DISCUSSION  

Multilevel structural equation modeling (MSEM) is a latent variable technique that 

allows us not only to analyze hierarchical data by specifying within- and between 

models simultaneously, but to also consider the measurement error and model fit at 

different levels. However, practices associated with the employing of MSEM with 

extremely small group sizes (e.g., dyadic data) are problematic due to the lack of 

empirical research. In the current study, a Monte Carlo simulation was employed to 

investigate the performance of MCFA with dyadic data using a MUML estimator. The 

results of the current study indicated the application of Multilevel-CFA with dyadic data 

is a potential dangerous practice especially when the between-group part is the primary 

focus of investigation. It should be noted first that the specific model structure 

considered in this study clearly lead to additional bias of factor models. Model 1 and 

Model 2 have same between-level structure with six indicators loaded on single 

dimension, however, for the within-group part, Model 1 and Model 2 both have six 

observed variables, but in Model 2, the indicators measure two factors, whereas the 

indicators for model 1 measure a single dimension. Because of this different 

specification, Model 2 generally lead to less bias with regard to parameter estimates, 

their standard errors and chi-square test statistics, especially under conditions with low 

ICC and small sample size.  

In terms of the within-group part, both the factor loadings and residual variance 

showed little to negligible bias with minor difference across all cells of conditions. 

Although the standard errors for factor loadings exhibited negative bias greater than 

10%, with minor difference between several cells of design, these observations were 
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only limited to the conditions with lower ICC (0.2) and smaller number of dyads (less 

than 200). This finding supported Gonzalez and his colleagues (2014)’s argument that 

dyadic data do have an impact on within-group standard errors estimates in the low ICC 

condition. 

With increased number of dyads from 200 to 300, the overall relative bias 

dropped below 10% with ICC having a larger effect on a larger number of dyads. The 

standard error bias for residual variance was quite smaller, with nearly every bias 

estimates below -5%, the degree of bias was directly related to number of dyads but 

seemed to depend little on the levels of ICC. One general result found is that for the 

within group part, the varied simulation conditions have no notable impacts on the 

accuracy of parameter estimates and their standard errors. Previous simulation studies 

on the accuracy of parameter estimates of individual levels showed results similar to 

ours (Hox, 1995; Meuleman & Billiet, 2009; Hox & Maas, 2001, 2010; Hox et al., 2012). 

Just as Muthén (1989, 1990) pointed out, in the MUML approach, the pooled-within 

group covariance matrix is given as the maximum likelihood estimator of the population 

within-group covariance matrix. The early simulation studies suggested a total sample 

size of 200 for a proper performance of an ML estimator (Boomsma, 1987). Thus it was 

not surprising that in the current study, MUML produced unbiased and efficient 

parameter estimates and their standard errors for the within-group part when the 

number of dyads was larger than 100. In general, these simulation results indicate that 

MCFA of dyadic data is much more useful when researchers are interested only in the 

within-group part of the model; for instance, MCFA is used for data obtained from 

cluster sampling (Hox & Maas, 2001, 2010), thus analyzing pooled within- covariance 
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matrix instead of its total covariance matrix is a simple and efficient approach (Muthén, 

1989). 

The current study also suggested that the application of MCFA to dyadic data is 

impractical when researchers are concerned with variability across dyads. For the 

between-group part of the models, the effects of dyad groups (level-2 sample size), ICC 

values and model specification were more pronounced on the accuracy of the estimates 

and their standard errors. For model 1,the overall bias of factor loadings was beyond -

5%, only when the ICC was increased to 0.3 and number of dyads reached to 200, 

MUML produced less than 5% bias that Hoogland and Boomsma (1998) considered still 

acceptable. For model 2, less bias was established in factor loadings. To obtain 

acceptable factor loadings estimates, at least 200 dyads are required together with ICC 

values that larger than 0.2.The residual variances consistently revealed server 

estimation problems. More specifically, the between group model consistently showed 

negative bias larger than -70% for both models when ICC was set at 0.15 with 50 dyads, 

this meant that the observed values of error variance were typically estimated less than 

half of their true values. Although bias decreased with an increased number of dyads 

together with higher ICC, it still showed greater than 10% underestimation in the 

conditions with small sample size and low ICC. 

The between-group standard errors were estimated with considerably less 

accuracy than parameter estimates. Within each of two models, the standard errors for 

factor loadings were generally underestimated and move negatively away from the 

population values. For model 1, although the relative bias of standard errors was 

somewhat reduced at larger sample size together with higher ICC, as many as 300 
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dyads were not sufficient to keep standard error bias under -10% which Hoogland and 

Boomsma (1998) indicated as acceptable for standard errors. The effects of sample 

size appeared to be much greater in standard error bias for model 2, there is a trend 

toward less bias with increasing number of dyads. Therefore, to obtain an acceptable 

standard error bias, j = 300, 200 and 200 seemed to be necessary for ICCs of 0.2, 0.3, 

and 0.33, respectively.  

The standard errors of variance estimates showed highly bias at the smallest 

sample size for both models, this negative bias rapidly decreased with increasing 

sample size and increasing ICC levels. At least 200 groups or a large ICC are needed 

here to achieve a relative bias of less than 10%. However, because the parameter 

estimates were also biased, efficient estimated standard errors do not necessarily lead 

to confidence intervals with good coverage. The coverage rates were particularly low 

(less than 90%) for the between - group factor loadings. Thus, to obtain an empirical 

coverage with a bias of approximately 5% around a nominal 95% confidence interval 

(i.e., 90%- 99%), at least 200 groups are required when ICC is reached to 0.3. 

Difference between designed conditions also appeared in the global chi-square 

statistics. Both the bias in chi-square and the probability of rejection rates were related 

to the model specification, number of dyads and ICC values. Interestingly, Model 1 

produced negative chi-square bias across all the cells of design. When ICC is less than 

0.3, this underestimated bias is generally larger than -5% which decreased Type I error 

rates for the chi-square model fit test, thereby the correctly specified models were 

rejected less often than expected. However, model 2 produced minimal inflated chi-

square bias at higher ICC level (0.3). Overall, for both models, by increasing ICC as 
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well as the number of dyads, the size of chi-square gradually closed to its expected 

value and their Type I error rates gradually closed to nominal 5%. 

Additionally, non-convergence or improper solutions was another serious 

problem when employing MCFA with dyadic data. This finding is consistent with 

previous simulation study (Newsom & Nishishiba, 2002; Clarke & Wheaton, 2007; 

Clarke, 2008) which indicated severe convergence problem with the use of multilevel 

modeling with dyadic data, particularly at small sample size and low ICC. Overall, 

regardless of the underlying model structure, there were generally poor convergence 

rates when ICC value was less than 0.2, together with a small number of dyads (less 

than 200). One rationale for these results can be the simple fact that only limited 

information was available at the between-group level under low ICC and small sample 

size conditions. It is also possible that the serious problems which occurred in the 

between-group part are due to the effects of “negative nonindependence” (Kenny, 

Mannetti, Pierro, Livi & Kashy, 2002). In other words, although ICC is generally defined 

as the proportion of between -group variance to its total variance, it can also be 

discussed as the correlation between pairs of dyads sampled from a certain cluster 

(Kenny et al., 2002). In that case, a small level-1 sample size with a low ICC condition is 

likely to result in negative expected covariance between same dyad pairs, making it 

possible to obtain negative ICC which further leads to model misfit or non-convergent 

problems (Geldhof et al., 2014). Therefore, further research is needed to investigate if 

“negative nonindependence” indeed results in the estimation and convergence 

problems identifiable in our simulation study.  
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Given our findings, it is necessary to caution against using multilevel CFA when 

the number of dyads is smaller than 200, especially if the ICC values turns out to be 

under 0.2. Although increasing the level-2 sample size and/or improving ICC values are 

two simplest ways to achieve accurate estimate, both of them are difficult to do in 

practice. Therefore, some alternative strategies are recommended here. First, using 

robust chi-square statistics which is designed to adjust the chi-square model fit and the 

standard errors of covariance model seems especially useful (Satorra & Bentler, 1990). 

However, these approach described by Satorra and Bentler can only alleviate bias in 

the chi-square statistic and the standard errors, therefore bias in the parameter 

estimates may still exist when MCFA are applied to dyadic data. Another promising 

solution might be to use Bayesian methods which may allow for several advantages 

over classical methods. First, unlike the asymptotic ML method, the Bayesian approach 

is efficient in small samples. The estimates are always accurate under the correct 

probability distribution, and the approach therefore alleviates the problem of negative 

variance estimates. Hox and his colleagues (2012) indicated in their simulation study 

that Bayesian estimation will help in making valid inferences in multilevel SEM when the 

number of groups is relatively small. As a result, we can expect MCFA to perform better 

by using Bayesian estimates instead of MUML. Some researchers (van der Leeden et 

al., 1994; Hox & Maas, 2001, 2010) also recommend using boostrap methods for 

empirical standard errors estimates and future research on this may be promising for 

testing random effects with dyads. 

The current study provided useful information on dyadic analysis with multilevel- 

CFA. However, there were still several limitations to this study. Firstly, it was important 
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to note that our study was based on a relatively simple multilevel data structure. In other 

words, the hierarchical data considered here was completely nested and only two- level 

models were analyzed. Furthermore, two kinds of model structures considered in the 

simulation process were also relatively simple. That is, for both models, the between-

group parts were specified to have same factor structure with six observed variables 

that load onto single latent factors. The model specification only varied in the within-

group part with the same number of indicators. However, hierarchical structures were 

usually much more complex than those in this current study, and additional research 

was needed to analyze a broader array of multilevel data structures in covariance 

modeling and to evaluate the effects of small group size for analyzing non-normal 

outcomes using generalized multilevel models. In addition, the present study did not 

consider the issue of model misspecification, in other words, the fixed or random 

parameters were not varied correctly or incorrectly specified in the within or between 

group part. Thus, we can’t offer any information about the type II error rates as well as 

the effects of incorrect model specification on parameter estimates, their standard errors 

and model fit. Furthermore, the Monte Carlo simulation in the current study is conducted 

by Mplus software package and it is difficult to generalize the effects of using a single 

program on our results. Thus, more research is required to compare previous results 

with different software packages. Despite these limitations, the current study clearly 

underscores the problems of using MCFA with dyadic data, and highlights conditions 

wherein non-convergent problems, bias in estimated parameters, standard errors and 

the chi-square test might be encountered. 
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