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Handling of clustered or nested data structures requires the use of multilevel 

modeling techniques. One such multilevel modeling technique is multilevel structural 

equation modeling (MLSEM). While estimation of indirect effect parameters and 

standard errors based on the conventional multilevel model (MMM) has been 

assessed, this is not the case for the use of the MLSEM model for estimating indirect 

effects.  

This simulation study was designed to investigate the use of the MLSEM for 

estimating mediated effects for the “upper-level” mediation model as compared with 

the MMM. The following conditions were manipulated: number of clusters (G), 

within-cluster sample size ( jn ), intra-class correlation, measurement error in the 

mediator, and the true value of the mediated effect derived from various patterns of 

true values for a and b. The generating model entailed an upper-level mediation 

model for a cluster-randomized trial that included a dichotomous level two 
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independent variable, a cluster-level latent mediator and an individual-level latent 

dependent variable both with four indicators.  

Relative parameter and standard error bias, obtained using the MLSEM and 

the MMM were evaluated and compared. Percent coverage was calculated and 

compared when PRODCLIN was used to calculate the confidence interval estimates 

of the ab effect. Finally, Type I error rates for conditions when ab = 0 were assessed 

and compared. In addition, statistical power for detecting a truly non-zero mediated 

effect was tallied and compared across models. 

 Results showed that use of the MMM provided inaccurate and misleading 

parameter and standard error estimates for the estimates of the mediated effect, 

especially when the true values of a, b and ab were not zero and the measurement 

error for M was large. However, the MLSEM estimates were also unacceptable in 

some of the conditions with small values for G and jn . Researchers are encouraged 

to use the MLSEM for assessing the multilevel mediated effects when either or both 

paths a and b are expected to be non-zero, if G is at least 40 and jn  is also greater 

than 40. Results are presented and discussed along with implications for applied 

researchers intending to assess mediated effect with clustered data. 
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Chapter 1: Introduction 

Applied researchers in many educational and social science fields are 

frequently interested in investigating the underlying mechanism through which one 

variable might affect another. This mechanism is referred as the mediator, M, of the 

relationship between an independent variable, X, and a dependent variable, Y. 

Generally, a mediating variable is defined as a variable that accounts fully or partially 

for the relation between a dependent variable and an independent variable (Baron & 

Kenny, 1986). That is, X is hypothesized to cause M, which then is assumed to cause 

Y.  

In the current study the focus is on mediating relationships in which the 

independent variable X is a categorical variable representing, for example, 

membership in a control versus treatment group, the mediating variable, M, is an 

interval-scaled measure that mediates the treatment effect of X on the interval-scaled 

outcome variable, Y.  

A hypothetical scenario for a mediation relationship might include a program 

that is designed ultimately to improve student’s math ability through improving 

students’ academic motivation. In this scenario, the program, X, is assumed to cause 

the growth in students’ academic motivation, M, which is hypothesized to cause the 

improvement in students’ math ability, Y. Thus, the mediated effect is the association 

between the implemented program and the student’s math ability through that 

student’s academic motivation. Figure 1 depicts this hypothetical scenario. 
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Figure 1. Path Diagram of the Hypothetical Mediation Scenario  

 

What has been described above entails a single-level mediation analysis. 

However, many datasets in the social and health sciences as well as in educational 

research, where mediation analyses have been widely used, involve nesting of 

respondents within contexts. In addition, most national and international large-scaled 

datasets are collected using sampling strategies that do not involve simple random 

sampling. Thus, the nature of these datasets usually comprises some kind of 

hierarchical or multilevel structure. Handling of these clustered or nested data 

structures requires the use of multilevel modeling techniques (Goldstein, 2003; Hox, 

2002; Raudenbush & Bryk, 2002; Snijders & Bosker, 1999).  

Inappropriate handling of clustered data can reduce statistical power and lead 

to inaccurate parameter and standard error estimates with concomitant inappropriate 

statistical inferences and inflated Type I error rates (Hofmann, 1997; Julian, 2001; 

Stapleton, 2002). These negative effects of inappropriately handling clustered data 

also apply to mediation analyses with potentially underestimated standard error 

estimates associated with the mediated effect and thus inflated Type I error rates and 

incorrect statistical inference decisions (Krull & MacKinnon 1999; 2001). Therefore, 



3 
 

appropriate multilevel modeling techniques should be used for mediation analyses 

when associated data structures are clustered (Krull & MacKinnon, 2001).  

Krull and MacKinnon (2001) categorized multilevel mediation models using 

the level at which the X, M and Y variables are measured. They distinguished four 

different combinations of multilevel mediation models, including the lower-level, the 

upper-level, the cross-level and the cross- and upper-level mediation models. In the 

context of experimental designs, the lower-level mediation model can be applied to 

multisite experimental design (Finn & Achilles, 1990; Plewis &Hurry, 1998; 

Raudenbush & Liu, 2000) while the other three are applicable to cluster-randomized 

trials.  

For both the single-level and multilevel mediation models that have been 

discussed, the models entail using a single observed variable to represent respondents’ 

scores on a latent construct, for instance, the total score on a student’s motivation 

assessment and the total score on a student’s math test. Using a single observed 

variable to measure a latent construct does not allow modeling of measurement error 

in the associated analysis. However, error-free measurements are very unlikely and 

unreliable measures can lead to biased results. In the context of mediation analysis, 

unreliability of measurement can result in underestimated mediated effects and 

overestimated direct effects (Holy & Kenny, 1999). Therefore, latent variable models 

should be considered when the dataset consists of multiple measures of a single 

construct. The use of multilevel structural equation modeling (MLSEM) provides an 
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appropriate framework for handling the modeling of relationships among latent 

variables in clustered datasets.  

MLSEM is an extension of conventional, single-level structural equation 

modeling (SEM) that permits modeling of higher levels of clustering. The extension 

from conventional SEM to MLSEM has long been discussed (e.g., Hox, 1995; 

McDonald & Goldstein, 1989; Muthén, 1989, 1990, 1994) and MLSEMs are now 

more easily estimable due to recent innovations in estimation procedures. MLSEM 

allows the modeling of inter-relationships among latent, not only observed variables, 

while appropriately handling the dependencies originating in the multilevel structure 

of a dataset. While multilevel mediation models are increasingly commonly used (e.g., 

Krull & MacKinnon, 1999; Raudenbush & Sampson, 1999), only recently has use of 

MLSEM for multilevel mediation analysis been encouraged and demonstrated 

(MacKinnon, 2008; Pituch & Stapleton, in press; Preacher et al., 2010).  

One more extension of the hypothetical mediation model scenario mentioned 

earlier can be made to illustrate the upper-level mediation model (Krull & 

MacKinnon, 2001) within the MLSEM framework which is a focus in the current 

study. In this scenario, a school-based program designed to improve student’s math 

ability is mediated by school academic environment. X would represent the program 

designed to improve students’ math ability, with schools randomly assigned to 

treatment, and thus X is a Level-2 independent variable. Instead of using the total 

score on a student’s math test as the measure of math ability, Y, math ability can be 

treated as a latent factor with math item or subscale scores as its indicators. In this 
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scenario, Y would be a Level-1 latent outcome variable with multiple indicators. 

Similarly, the mediating variable, school’s academic environment, can also be 

measured as a latent factor with individual item or subscale scores as its indicators. 

Thus, M would be a Level-2 latent mediator. In summary, this scenario hypothesizes 

that the Level-2 treatment (i.e., a school-based program) affects the Level-2 latent 

mediating factor (i.e., school’s academic environment), which influences the Level-1 

latent outcome factor (i.e., student’s math ability).    

While estimation and statistical testing of the mediated effect under the 

conventional observed-variable multilevel model has been assessed (Krull 

&MacKinnon, 1999, 2001; Pituch et al., 2005; Pituch et al., 2006), this is not the case 

when the MLSEM model is used to test mediation. This simulation study is designed 

to investigate the performance of MLSEM for estimating mediated effects for the 

upper-level (Krull & MacKinnon, 1999) mediation model. The following conditions 

will be manipulated: number of clusters (20, 40 and 80), within-cluster sample size 

(20 and 40), intra-class correlation (0.05 and 0.15), measurement error in M (as a 

function of the factor’s standardized loading values, i.e., s
miλ = 0.5 or 0.8), and the 

true values of the mediated effect (0 and 0.09) derived from various patterns of true 

values for the a and b components of the ab mediated effect. The generating model 

will entail an upper-level mediation model for a cluster-randomized trial that includes 

a dichotomous level two independent variable, a cluster-level latent mediator with 

four indicators and an individual-level latent dependent variable with 4 indicators.  
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Relative parameter and standard error bias of the mediated effect estimates 

obtained use the conventional multilevel mediation model and the MLSEM will be 

evaluated and the influence of the various design conditions will be examined. 

Percentage coverage of estimated confidence intervals will also be assessed when 

using PRODCLIN to estimate the mediated effects’ confidence intervals.  
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Chapter 2: Literature Review 

A mediator, or a mediating variable, is defined as a variable that accounts 

fully or partially for the relation between a dependent variable and an independent 

variable (Baron & Kenny, 1986). It induces the process that brings about the effect of 

an independent variable on a dependent variable, and prompts the mechanism 

underlying the relation between the independent and dependent variables explaining 

how or why these two variables are related (MacKinnon, 2008). Mediation analyses 

are designed to assess mediators’ effects.  Because mediation analysis can help 

researchers understand the underlying mechanisms by which a treatment effect occurs, 

it is of central interest to applied researchers in many fields. For example, Ajzen and 

Fishbein (1980) hypothesized that the relationship between attitudes and behavior is 

mediated by intentions. Duncan, Featherman, and Duncan (1972) illustrated that a 

son's educational achievement mediated the effect of a father's socioeconomic status 

on a son's socioeconomic status. Assad, Donnellan, and Conger (2007) demonstrated 

cooperative problem-solving as a mediator of the effect of optimism on the quality of 

romantic relationships. Hawkins, Catalano, and Miller (1992) examined the mediating 

roles of social bonding in adolescent alcohol and other drug abuse prevention 

programs. Warner and Rountree (1997) showed that poverty’s effect on assault and 

burglary rates was mediated by local social ties. Morgeson, Delaney-Klinger, and 

Hemingway (2005) explored the mediating effects of role breath on job autonomy, 

cognitive ability and job-related skills’ effects on job performance.  There are many 

more examples of research studies exploring mediation effects across a wide range of 
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fields (e.g., Carson, Carson, Gil, & Baucom, 2007; Constantine, 2007; Hanse & 

Graham, 1991; Holbet, Shah, & Kwak, 2003; Raver and Gelfand, 2005; de Zavala & 

Van Bergh, 2007). 

 The following sections provide the description of the basic mediational model, 

entailing a single mediator for single-level data and a presentation of the different 

tests of the mediated effect. This then lays the groundwork for the ensuing 

presentation of multilevel mediation models with a single mediating variable.  

Single-Level Mediation Model 

 The basic mediation model refers to a single mediator model for a single-level 

dataset. This model can be described using a three-variable system that includes an 

independent variable, X, a dependent variable, Y, and a mediating variable, or 

mediator, M.  While this basic model can be extended to include more than one 

mediator, the current study focuses only on single-mediator models. 

The path diagram depicted in Figure 2 depicts the total effect, c, of X on Y:  

 

Figure 2. Model of the Total Effect of X on Y 

 

Figure 3 depicts the partial mediation of the effect of X on Y through M. 
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Figure 3.  Partial Mediation Model of X’s effect on Y through M  
 

In Figures 2 and 3, the independent variable is represented by X, which is can 

be categorical in the context of mediation models (e.g., treatment vs. control). The 

dependent variable is represented by Y, which is also referred to as the distal variable 

or the outcome measure of interest. M is the mediating variable, which is sometimes 

called the process, proximal or intermediate variable (Judd & Kenny, 1981) and it is 

hypothesized to be caused by X and assumed to be causally related to Y.  

The coefficient a in Figure 3 represents the impact of the independent variable 

X on the mediating variable M. The coefficient b captures the relation between the 

mediating variable M and the dependent variable Y, controlling for X. The coefficient 

c' represents the effect of X on Y adjusted for M that is commonly termed the “direct 

effect”.  

 According to MacKinnon, Warsi and Dwyer (1995) (see also MacKinnon & 

Dwyer, 1993), the mediated effect can be estimated in two ways. The first method 

involves estimating the values of the a and b coefficients that together as a product 

(ab) provide one estimate of the mediated effect. The estimated ab term, ba ˆˆ  provides 

the estimated amount of change in Y that is due to a one unit change in X, indirectly 
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through M. The second method of estimating the mediated effect requires the 

estimation of the total effect, c, (see Figure 2) and c' (see Figure 3) and the difference 

in these two estimates (i.e., 𝑐 − 𝑐 ′), is then used as a measure of the mediated 

effect(Judd & Kenny, 1981). The 𝑐 − 𝑐 ′ quantity literally reflects the difference 

between the total effect and the direct effect of Y on X (after controlling for M’s effect 

on Y).  

 Both the ab and   c − c′ provide estimates of the mediated effect, and have 

been found to exhibit very little estimation bias (Krull & MacKinnon, 1999; 

MacKinnon, Warsi, & Dwyer, 1995). However, the current study focuses on use of 

the ab estimate of the mediated effect. MacKinnon et al. (1995) demonstrated that the 

two estimators, ab and 𝑐 − 𝑐 ′, are algebraically equivalent and produce identical 

estimates of the mediated effect when using ordinal least squares regression when the 

dependent variable is continuous. However, the authors claimed that use of the 𝑐 − 𝑐 ′ 

estimator is problematic when the dependent variable is dichotomous due to its 

inflated standard error estimate. Second, the ab estimator is more informative than the 

c − c′ estimate because the contribution of each of the â and/or the b̂ coefficients to 

the mediated effect, ba ˆˆ , can be traced (Krull & MacKinnon, 2001). Third, even 

though a model for multiple mediators is not of interest in the current study, the 𝑐 − 𝑐 ′ 

estimate can only provide the estimate of the total mediated effect for a multiple-

mediator model. And while using the ba ˆˆ estimator, a similar total mediated effect can 

also be calculated, the use of the ba ˆˆ estimator permits calculation of each mediator’s 
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mediated effect (Krull & MacKinnon, 1999). The final reason for focusing only on 

the ab estimator is because it has been found to be more efficient than the c − c′ 

estimator in multilevel mediation analyses (Krull & MacKinnon, 1999). Because the 

current study focuses on multilevel models for mediation, the focus will thus be on 

the ab estimate of the mediation effect. 

 Before discussing different tests of the mediated effect, clarification is needed 

to distinguish the terms: “mediated” effect and “indirect” effect. It is possible that the 

total effect of the independent variable X on the dependent variable Y is not 

statistically significant although there might exist a statistically significant effect of X 

on Y through the mediating variable, M (Collins, Graham, & Flaherty, 1998; 

MacKinnon et al., 2000; Shrout & Bolger, 2002). If this is the case, Holmbeck (1997) 

asserted that the significant effect of X on Y through M is not a mediated effect but 

should be termed an “indirect” effect. However, several other researchers (Collins et 

al., 1998; Judd & Kenny, 1981; MacKinnon, 2008; MacKinnon et al., 2000; Shrout & 

Bolger, 2002) have argued that the mediated effect can exist even if the total effect of 

X on Y is not significant. MacKinnon (2008) explains that the scenario where 

evidence is not found for a total effect, although there is evidence of a mediated effect, 

may occur in some situations when the mediated effect’s test is more powerful than 

the test of the total effect. In the current study, “mediated effect” and “indirect effect” 

will be used interchangeably to represent the effect of the independent variable X on 
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the dependent variable Y indirectly through the mediating variable M, regardless of 

the presence or absence of a total effect of X on Y.  

The next section provides specific details for the different tests of the 

mediated effect. 

Methods of Testing the Mediated Effect 

 Causal steps process for testing mediation. Applied researchers commonly 

use the four causal steps’ strategy, developed by Baron and Kenny (1986), for testing 

mediated effects. The first three steps include: (1) find a significant total effect of the 

independent variable X on the dependent variable Y, (2) find a significant effect of X 

on the mediating variable M, and (3) find a significant effect of M on Y controlling for 

X. Given that statistical significance is found for each of the first three steps, evidence 

has been found supporting a mediated effect. The fourth step assesses whether the 

mediation is full or partial. Specifically, if the remaining direct effect of X on Y 

adjusted for M is not significant, then it can be inferred that M fully mediates the 

treatment’s effect. If the remaining direct effect is still significant, then the inference 

is that M is a partial mediator. 

For the first step for a single-level analysis, a simple regression model can be 

used to estimate path c in Figure 2, as follows: 

iii cXY 10 εβ ++= ,      (1) 

where 1β  represents the intercept and i1ε is the residual for the ith observation. If the 

coefficient c is statistically significant then this means that it can be inferred that the 
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total effect of X on Y is significant. The researcher could then go to the second step, 

where the effect of X on M, represented by path a in Figure 4, needs to be estimated. 

 

Figure 4. Path Diagram of X on M 

 

Path a in Figure 4 can be estimated using the following simple regression equation. 

iii aXM 22 εβ ++= ,      (2) 

where the intercept is 2β  and residual for the ith observation is i2ε , respectively. If 

the coefficient a is statistically significant then the third step is performed. For the 

third step, the effect of M on Y controlling for X could be represented by the Path b in 

Figure 3. 

The simple regression equation used to estimate b is as follows:  

iiii bMXcY 33 εβ ++′+= ,     (3) 

where 3β  represents the  intercept and i3ε  is the residual for person i, respectively. 

Given statistical significance is found for the relevant coefficient in each of the 

previous two steps (Equations 1 and 2), and given that the coefficient b (in Equation 3) 

is found to be statistically significant, then there is evidence supporting a mediated 

effect. The effect can be interpreted as full mediation if the coefficient c′  in Equation 

3 is not statistically significant, otherwise, the effect is considered to be a partial 

mediation effect.   
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 Shrout and Bolger (2002) criticized the causal steps strategy, claiming that a 

mediated effect could exist even when the total effect of X on Y (as estimated in the 

first step) is not statistically significant. This can occur when the size of the mediated 

effect is small and when the sign of the ab term is opposite to the sign of c'. The rigid 

requirement of finding a significant total effect in the first step of the causal steps 

strategy may thus lead to unnecessarily inflated Type II error rates for the mediation 

analysis. Several simulation studies (MacKinnon et al., 2002; Pituch et al., 2005) 

have also found that the causal steps approach lacks statistical power when sample 

sizes and effect sizes are small. The statistical power associated with the causal steps 

method has been found to exhibit about one fourth of the power of other mediation 

tests and to be associated with very conservative (close to zero) Type I error rates. 

Based on the poor performance of the causal steps strategy, MacKinnon et al. (2002) 

suggested that instead researchers should consider using Cohen and Cohen’s (1983) 

joint significance test based on using only the second and third steps to make 

inferences about the presence of a mediated effect. 

A final note about the causal steps strategy is that the usual assumptions for 

regression analysis should be met (Cohen, Cohen, West and Aiken, 2003). These 

assumptions include that the distributions of the residuals of X, M and Y are assumed 

to be normal (Darlington, 1990), the residuals i1ε , i2ε  and i3ε  (in Equations 1, 2 and 

3) are assumed to be uncorrelated with each other and a linear system of relations is 

assumed among X, M and Y (McDonald, 1997). These assumptions are required for 
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regression equations used in the causal steps strategy, and as well as for other 

methods mentioned in subsequent sections.  

 Joint significance test of mediation. The joint significance test (Cohen & 

Cohen, 1983) is also a straightforward method for testing mediation and is based on 

the second and third of the causal steps’ strategy. If a  (Equation 2, see Figure 4) and 

b (Equation 3 in Figure 3) are statistically significant then this provides sufficient 

evidence supporting the presence of a mediated effect. In their simulation studies with 

single-level data-sets, MacKinnon et al. (2002) found that the joint significance test 

for mediation produces Type I error rates that are below the nominal α level for all 

sample sizes. The researchers also found that power was above 0.8 for small sample 

sizes paired with large mediated effects and for small mediated effects paired with 

large sample sizes. Like the causal steps strategy, the joint significance test is a 

simple and straightforward method for testing mediated effect, and it is logically 

appealing. Given the superior power of the joint significance test over that of the 

causal steps strategy, its use is preferred. However, neither of these two methods 

provides a numerical value quantifying the mediated effect, nor associated confidence 

intervals for ab. There are, however, some methods for testing a mediated effect that 

also provide actual estimates of ab along with associated standard error estimates. 

 Standard normal test of mediation. One of the most commonly used methods 

to statistically test the significance of the mediated effect involves calculation of the 

traditional Z-test statistic (MacKinnon et al., 2004; Stapleton & Pituch, in press). This 
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method assumes that the sampling distribution of the ba ˆˆ product is normal. The test 

statistic, abZ , is obtained by dividing the estimate of the mediated effect ab, ba ˆˆ , by 

its standard error ba ˆˆσ̂  , as follows: 

ba
ba

baZ
ˆˆ

ˆˆ ˆ

ˆˆ
σ

= .      (4) 

The resulting sample baZ ˆˆ statistic can then be compared with a standard normal Z-

score using the desired α-level. In addition, confidence interval limits can be 

calculated using the following formula:  

     [ ]
baZba ˆˆ)2/1( ˆˆˆ σα−±     (5) 

where 𝑍(1−α/2)  is the two-tailed critical Z-statistic for the desired α-level. 

 The most commonly used variance estimator for ba ˆˆ ’s sampling distribution is 

the asymptotic variance, 2
ˆˆ)1( baσ , derived by Sobel (1982, 1986). Sobel derived this 

using the multivariate delta method, or the first-order Taylor series expansion, 

providing the following formula: 

2
ˆ

22
ˆ

22
ˆˆ)1( ˆˆˆˆˆ abba ba σσσ += ,    (6) 

where 2
ˆˆaσ  and 2

ˆˆbσ  are the estimates of the variances of each of a and b’s sampling 

distributions. The estimate of the standard error of the mediated effect can then be 

calculated by taking the square root of the variance estimate as follows: 

2
ˆ

22
ˆ

2
ˆˆ)1( ˆˆˆˆˆ abba ba σσσ += .    (7) 
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Besides Sobel’s variance estimator, Goodman (1960) and Mood, Graybill and Boes 

(1974) derived another variance estimator for ab, using the second-order Taylor series 

expansion that can be estimated as follows: 

2
ˆ

2
ˆ

2
ˆ

22
ˆ

22
ˆˆ)2( ˆˆˆˆˆˆˆ baabba ba σσσσσ ++= ,    (8) 

In their simulation study assessing estimation of single-level mediation models, 

MacKinnon et al. (1995) showed that Sobel’s variance estimate (see Equation 6) 

performed very similarly to Goodman and Mood et al.’s estimator (see Equation 8) 

under a variety of conditions including a range of different sample sizes and for both 

continuous and dichotomous independent variables. However Goodman and Mood et 

al.’s estimator did not perform better than the simpler formulation appearing in 

Equation 6, and it tended to overestimate the standard error for smaller sample sizes. 

A similar result was found in Krull and MacKinnon’s (1999) study that assessed 

estimation of multilevel mediation models. 

 The third suggested variance estimate, termed the unbiased estimator, 2
ˆˆ)( baunσ , 

was also derived by Goodman (1960) and is as follows: 

2
ˆ

2
ˆ

2
ˆ

22
ˆ

22
ˆˆ)( ˆˆˆˆˆˆˆ baabbaun ba σσσσσ −+= .    (9) 

The square root of Equation 9 provides the estimate of the unbiased standard error 

estimate of the mediated effect ab. Unfortunately, this variance formulation formula 

performed no better than did Sobel’s variance estimator. The baun ˆˆ)(σ̂  was found to 

underestimate the standard error of the sampling distribution of ab for smaller sample 
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size conditions in single-level mediation models, although the differences were not 

substantial (MacKinnon, Warsi, & Dwyer, 1995). In multilevel mediation models, 

similar under-estimation patterns were found with baun ˆˆ)(σ̂ , although it performed 

slightly better than did the ba ˆˆ)1(σ̂  
in scenarios when the number of clusters was 100 

or more (Krull & MacKinnon, 1999). 

 Thus, generally speaking, the asymptotic variance estimator, 2
ˆˆ)1( baσ  (Sobel, 

1982; 1986) has been found to perform best of the three variance estimators for the 

sampling distribution of the estimate of the mediated effect, ab, across conditions and 

for both single-level and most multilevel mediation models (Krull & MacKinnon, 

1999; MacKinnon & Dwyer, 1993; MacKinnon, Warsi, & Dwyer, 1995; MacKinnon, 

Lockwood, Hoffman, West, & Sheets, 2002). It is the most commonly used standard 

error estimate for the estimate of ab and has been implemented in many statistical 

software packages, including EQS (Bentler, 1997), LISREL (Jöreskog & Sörbom, 

1993), and Mplus (Muthén & Muthén, 1998).  

However, there are disadvantages to using 2
ˆˆ)1( baσ . Because the multivariate 

delta method was used to determine the variance of a set of random variables that are 

assumed to have a multivariate normal distribution (Bishop, Fienberg, & Holland, 

1975), use of the estimator, 2
ˆˆ)1( baσ  automatically involves the assumption that the 

product estimator, ab of the mediated effect is also normally distributed. However, it 

has already been shown that the product of two normal random variables does not 
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follow a normal distribution (Lomnicki,1967; Springer & Thompson, 1966). It has 

also been shown that the distribution of the estimates of this product is symmetric 

with positive kurtosis when the parameters for each path (a and b) have a value of 

zero and the distribution is skewed with excessive kurtosis when the values of both 

parameters are not zero (Aroian, Taneja, & Cornwell, 1978; Craig, 1936). The 

violation of the normality assumption causes problems when using this test of the 

significance of the mediated effect and for the calculation of the associated 

confidence interval. Several studies in both single- and multilevel mediation 

frameworks (MacKinnon et al., 2002; 2004; Pituch et al., 2006; Pituch & Stapleton, 

in press) have shown that the traditional Z-test tends to produce the least accurate 

overall Type I error rates and the least power among all the methods that will be 

discussed in the current study.  

 Empirical-M test of mediation. Because the assumption that the distribution of 

ab is normal causes problems when testing the significance of the mediated effect and 

for computing the confidence interval limits in the traditional Z-test (see Equation 5), 

MacKinnon et al. (2002) developed an asymmetric confidence interval estimator that 

is not based on the normality assumption. Many previous researchers, including, for 

example Aroian (1947), Craig (1936) and Springer and Thompson (1966), have 

provided analytical approaches to approximating the distribution of the product of 

two standard normal random variables. For different values of a, b, aσ and bσ , 
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Meeker, Cornwell, and Aroian (1981) presented tables of fractiles of  the standardized 

distribution function for abM  where 

ba
ab

abbaM
ˆˆ

ˆˆ
σ
−

= .     (10) 

The tables in Meeker et al. (1981) can thus be used to find the different lower and 

upper critical values of a two-tailed test for an estimate of abM  at different nominal 

α levels. To identify the relevant critical values using the table, sample-based 

estimates of aa a σδ = and of bb b σδ =  are needed.  

MacKinnon et al. (2002) constructed asymmetric confidence interval limits 

for the mediated effect ab based on  this table, and assessed the performance of the 

asymmetric confidence interval limits in their simulation study, with the upper 

confidence interval limit (UCL) formulated as follows: 

baMUpperbaUCL ˆˆ)1(ˆ*ˆˆ σ+=      (11) 

and the lower confidence interval limit (LCL): 

baMLowerbaLCL ˆˆ)1(ˆ*ˆˆ σ+=      (12) 

where MUpper and MLower are the relevant critical values taken from the table in 

Meeker et al. (1981) for the upper and lower confidence interval limits, respectively, 

and ba ˆˆ)1(σ̂  is the Sobel’s SE estimate (see Equation 6) for ab. Because the values of 

MUpper and MLower for the abM  distribution are different, the upper and lower 

confidence interval limits are at unequal distances from the point estimate of ab, ba ˆˆ , 
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reflecting the asymmetry of the confidence interval estimate of the mediated effect ab. 

This confidence interval can be used for testing the mediated effect and is referred as 

the asymmetric confidence limits method (MacKinnon et al., 2002; MacKinnon, 

2008). 

 Meeker et al.’s (1981) table contains entries corresponding to δ values in 

increments of 0.4. MacKinnon et al. (2004) improved on this by providing a table of 

critical values based on a series of simulations, with table entries corresponding to δ

values presented in increments of 0.2. MacKinnon et al. (2004) accomplished this by 

generating 10,000 samples, each with N = 1,000, for every possible combination of 

aδ and bδ  values in increments of 0.2. For each of the 10,000 samples per 

combination of baδδ values, the authors then computed the product baδδ ˆˆ  and formed 

the sampling distribution of baδδ ˆˆ . Critical values for the upper and lower 95% 

confidence interval limits were then obtained using the 2.5th and 97.5th percentile 

values for the sampling distribution of baδδ ˆˆ s for each combination of δa and δb values.  

Because the critical values provided in this table are empirically derived, this 

method for finding the confidence interval limits of the mediated effect ab (see 

Eqautions 11 and 12) is called the Empirical-M method. MacKinnon et al. expanded 

on their earlier work that had provided a finite set of possible δa and δb values and 

made available free software called PRODCLIN (2007) that can be used to provide 

relevant critical values, for any combination of δa and δb values. This program is 
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available online (http://www.public.asu.edu/~davidpm/ripl/Prodclin/) and has been 

adapted for use with multiple statistical software packages. To use the program to 

calculate the confidence interval limits for the mediated effect, a user must provide 

values of the a and b estimates, and their respective standard error estimates, as well 

as the desired α-level associated with the relevant percent confidence. Last, the 

assumed correlation between the estimates of a and b must be provided. This 

correlation is typically set to zero for single-level and multilevel mediation analyses 

with interval-scaled mediator and outcome variables (MacKinnon et al., 2004).  

MacKinnon et al. (2004) found that the confidence interval limits obtained by 

using the Empirical-M method are more accurate that those from using Meeker et 

al.’s  (1981) asymmetric confidence limits method. MacKinnon et al. (2004) found in 

their single-level mediation simulation study that the Empirical-M method exhibited 

strong statistical power with reasonable Type I error rates and produced accurate 

confidence intervals.  

 Resampling-based tests of mediation. One other estimation procedure is used 

for testing the mediated effect.  The use of resampling methods has been found to 

provide good estimates of the mediated effects. Resampling methods involve repeated 

sampling from the observed sample’s data to construct an empirical sampling 

distribution for the statistic of interest. Resampling methods are particularly useful for 

understanding the sampling distributions for statistics with unknown distributions. 

The resulting empirical sampling distribution can be used to provide empirical 

http://www.public.asu.edu/~davidpm/ripl/Prodclin/�


23 
 

standard errors and/or confidence interval limits for the statistic of interest. Bootstrap 

resampling methods have been the type most commonly used for tests of mediation.

 Within the bootstrap resampling methods, there are of two general categories. 

One type of bootstrap resampling entails bootstrapping of cases and the other type 

involves bootstrapping of residuals. In the context of multilevel data, bootstrapping of 

residuals is preferred (Carpenter, Goldstein, & Rasbash, 2003). Variations of 

bootstrap resampling methods used with the test of mediation include the parametric 

bootstrap, non-parametric bootstrap and bias-corrected versions.  

The parametric bootstrapping method for testing single-level mediation entails 

resampling of residuals for the endogenous variables M and Y (see Equations 2 and 3). 

The following five steps are carried out when using the bootstrapping method for 

testing single-level mediation:  

(1) Mediation models (using Equations 2 and 3) are fitted using the original 

sample to obtain the estimates of the fixed effects (i.e., 2β̂ , 3β̂ , â , b̂  and ĉ′ ) and 

error variances of M and Y (i.e., ( )
2ˆ Mεσ  and ( )

2ˆ Yεσ , respectively).  

(2) Residuals for each of M and Y (i.e., i2ε  and i3ε , respectively; see Equations 2 

and 3) are resampled from a normal distribution with mean of zero and variance 

equaling ( )
2ˆ Mεσ  or ( )

2ˆ Yεσ , respectively.  The number of residuals to be resampled for 

each variable is the same as the total sample size of the original sample. For example, 
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if the original total sample size is N, then residuals for M are resampled as ∗
i2ε ~ N (0, 

( )
2ˆ Mεσ  ) for i = 1, 2, …, N.   

(3) Third, the new values for the mediating and outcome variables are created by 

substituting the bootstrapped residuals and original sample’s fixed effects estimates 

into ∗∗ ++= iii XaM 22 ˆˆ εβ  and ∗∗∗ ++′+= iiii MbXcY 33
ˆˆˆ εβ  for i = 1, 2, …, N, 

respectively.  

(4) Estimation of paths a and b in Figure 3 (using Equations 2 and 3) is then 

performed on the replicate dataset, consisted of *
iM  and *

iY .  

(5) Steps 1 to 4 are repeated a certain number of times (typically, 1,000) to form a 

bootstrapped sampling distribution of ba ˆˆ  estimates. The resulting sampling 

distribution can then be used to provide the 95% confidence interval limits for ab by 

calculating the 2.5th and 97.5th percentile values for ba ˆˆ .  

 

The non-parametric bootstrapping method is similar to the parametric method. 

The only difference is that when using the non-parametric method, the residuals from 

the original sample are sampled (rather than resampling new residuals from the 

parametric distribution specified, here, from the normal distribution).  

Because the estimates of ab have been found to be biased (Efron & Tibshirani, 

1993; MacKinnon & Dwyer, 1993) in that the mean ba ˆˆ  does not equal the median of 

the resampled distribution for both the parametric and non-parametric bootstrapping 
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methods, additional bias-corrected bootstrapping procedures have been developed. 

These bias-corrected procedures are designed to shift the confidence intervals to 

account for the difference between the mean and median of the ab estimates (Shrout 

& Bolger, 2002; MacKinnon et al., 2004). Other possible bootstrap resampling 

methods that have been used in tests of mediation include the jackknife, bootstrap-t, 

bootstrap-Q and iterated bias-corrected bootstrap (MacKinnon et al., 2004).  

MacKinnon et al. (2004) conducted a simulation study to examine the 

performance of several resampling methods, including the jackknife, the Monte Carlo, 

the percentile bootstrap, the bootstrap-t, the bootstrap-Q and the bias-corrected 

bootstrap methods. The authors found that all the methods produced lower than 

expected Type I error rates, except for the bias-corrected bootstrap. The bias-

corrected bootstrap also produced the greatest statistical power among all these 

methods, followed by the bootstrap-Q method. The jackknife showed the worst 

performance, in that it produced the lowest power along with the lowest Type I error 

rates across designs. The next worst performing methods included the Monte Carlo, 

percentile bootstrap and bootstrap-t methods.  

MacKinnon et al. (2004) also found that the Empirical-M method performed 

nearly as well as the bias-corrected bootstrap method. The bias-corrected bootstrap 

method outperformed the Empirical-M method with slightly more power with 

differences appearing only at the second decimal place and diminishing for larger 

total sample sizes (e.g., the power for the Empirical-M versus the bias-corrected 

bootstrap methods were 0.237 versus 0.271 for N = 25 and 0.720 vs. 0.733 for N = 
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200, respectively). The Empirical-M method performed almost as well as the bias-

corrected bootstrap method with Type I error rates that never exceeded the nominal 

rate without being overly conservative. 

 Until now, the descriptions of mediation tests have focused on analyses of 

single-level datasets. However, in reality, applied datasets are usually more complex 

and tend to entail a multilevel structure. In the next few sections, a brief introduction 

to multilevel modeling is presented and followed by a description of multilevel 

mediation models for testing mediated effects. 

Multilevel Mediation Models 

Many datasets in social sciences, health sciences and educational research 

involve the nesting of respondents within contexts and/or the clustering of measures 

within individuals. In addition, most national and international large-scale datasets are 

collected using sampling strategies that do not involve simple random sampling. Thus, 

the nature of these datasets usually comprises some kind of hierarchical or multilevel 

structure. For example, individuals are usually nested in families or organizations, 

patients may be clustered within clinics or hospitals, students nested within classes 

and schools, and multiple measures recorded on each individual in longitudinal 

studies. Datasets of this kind are sometimes called complex samples or clustered, 

nested or multilevel data structures.  

Because of the data hierarchies, observations in multilevel data structures are 

not necessarily independent but are correlated to some degree with those within the 
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same cluster or context. The intraclass correlation coefficient (ρICC: Koch, 1983) is a 

measure that provides the proportion of total variance among clusters, and it can be 

used as an indicator of the degree of dependence. The definition of the population 

ρICC in a univariate case can be expressed as follows:  

22

2

WB

B
ICC

σσ
σρ
+

= ,     (13) 

where 2
Bσ  is the between-cluster variance, 2

Wσ  is the within-cluster variance, and thus 

22
WB σσ +  is the true total variance. If multilevel analysis techniques are used, then a 

sample ρICC, ICCρ̂ , can be calculated by substituting the sample variances at each 

level into Equation 13. If, on the other hand, an analysis of variance (ANOVA) is 

used in which the level two clustering variable is included as the between-subjects 

factor, then the ρICC (Kashy & Kenny, 2000) can be estimated as follows: 

WB

WB
ICC MSnMS

MSMS
)1.(

ˆ
−+

−
=ρ ,     (14) 

where BMS  and WMS are the mean squared errors between- and within-clusters, 

respectively, and .n  is a scaling factor that is calculated using the total sample size N 

and the number of clusters, G, as follows: 
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.      (15) 
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Note that gn  is the sample size for the gth cluster. When the value of ρICC is zero, all 

variation is due to variability among level one units and thus there is no need for 

multilevel modeling. The ρICC formulations provided in Equations 13 and 14 are 

designed for single-variable outcomes. Formulation of the jth variable’s ρICC in a 

multivariate scenario will be discussed in a later section. 

Usually, if the value of ρICC is less than 5%, then some researchers (e.g., 

Bliese, 2000; Julian, 2001; Muthén, 1994; Cheung, Leung, & Au, 2006) have 

suggested that it is not necessary to explore or model the variability among clusters. 

However, the value of the ρICC should also be interpreted in the context of the study 

(Reise, et. al., 2005). For example, an ρICC value of around 0.64 has been typically 

found in multilevel cognitive aging data (Martin, 2009). In most educational studies, 

ρICC values of not more than 0.20 are typically found (Hox & Maas, 2001). In 

mediation analyses, Krull and MacKinnon (1999) found values for the residual ρICC 

ranging from 0.001 to 0.12 (Krull & MacKinnon, 1999).Given detection of a 

substantial degree of clustering identified through a substantial ρICC, researchers need 

to handle the dependence appropriately. Before describing how to appropriately 

handle cluster-based dependence, two commonly used inappropriate methods for 

handling multilevel data structures will be discussed.  

Inappropriate handling of multilevel data structures typically entails 

aggregation or disaggregation (Muthén, & Satorra, 1995; Skinner, Holt, & Smith, 

1989; Snijders & Bosker, 1999). With aggregation, individuals’ data are aggregated 
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to the cluster level. For example, analyses are conducted using cluster means as the 

outcomes and predictors. Even though aggregation may not lead to serious problems 

if the only interest is in examining the variability among clusters, there are associated 

problems. First, statistical power will be reduced, because the sample size resulting 

from aggregation is much smaller than the original sample size based on individual 

observations. Second, the reliability of the aggregated scores can be problematic. For 

example, the reliability of cluster means depends on the within-cluster sample sizes 

with larger clusters having better reliability (Snijders, & Bosker, 1999). Third, when 

aggregating, researchers cannot make inferences that variables’ relationships found 

with the aggregated data also apply to the disaggregated variables (and vice-versa). 

Fourth, aggregation makes it impossible to assess cross-level interactions and it also 

prohibits investigation of relationships among individual level variables (Hofmann, 

1997).  

Besides aggregated analyses, another inappropriate way of handling 

multilevel data structures involves disaggregation. Under disaggregation, clustering is 

ignored and analyses are conducted based on individual observations ignoring the 

dependence among observations resulting from clustering. Ignoring sources of 

dependency can be problematic (Hofmann, 1997; Raudenbush & Bryk, 2002). 

Besides missing the relationships among cluster-level variables, associated problems 

can also include inaccurate and biased parameter and standard error estimates and, 

therefore, inappropriate statistical inferences and inflated Type I error rates (Julian, 

2001; Stapleton, 2002).  
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The negative effects of inappropriately handling multilevel data obviously 

apply to mediation analyses. Krull and MacKinnon (2001) found that the standard 

error estimates of the mediated effect were underestimated when single-level 

mediation analyses were conducted with clustered data, and they even found that the 

underestimation was usually of a magnitude of 20% or more (1999; 2001). 

Underestimated standard errors will result in inflated Type I error rates (Moulton, 

1986; Scariano & Davenport, 1987; Scott & Holt, 1982; Walsh, 1947), and will thus 

lead to incorrect statistical decisions. To avoid these problems, multilevel modeling 

techniques should be considered when conducting mediation analyses involving 

multilevel data structures.  

Use of multilevel models for mediation analyses is not new. Krull and 

MacKinnon (2001) provided an outline of the necessary models needed to assess 

mediation effects at both the individual and cluster levels. The authors illustrated 

these models using data from an anabolic steroid prevention program in which 

football players were nested within football teams. Raudenbush and Sampson (1999) 

used a three-level mediation model to assess the mediated effect of collective efficacy 

on residential stability to perceived level of violence in neighborhood in Chicago.  

Subsequent sections present the details of the four types of multilevel 

mediation analysis models, including the equations for estimating these multilevel 

models and statistical methods for testing the mediated effects. Note that it is possible 

that a data structure entails more than two levels, but for the current study, all the 

discussions about multilevel mediation analyses will be restricted to a two-level data 
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structure modeling individuals at Level 1 clustered within, for example, schools at 

Level 2. 

According to Krull and MacKinnon (2001), when the following three criteria 

are met then it is necessary to conduct a multilevel mediation analysis. First, the 

clustered data have a non-zero ρICC value. Second, there should be a mediation model 

with the dependent variable, Y, measured at Level 1. Third, for the multilevel models 

being discussed here the mediator, M, and the outcome, Y, must be at the same level 

or Y can be at a lower level. Given these three criteria are satisfied, there are four 

different combinations of multilevel mediation models, including: the lower-level, the 

upper-level, the cross-level and the cross- and upper-level mediation models (Krull & 

MacKinnon, 2001; Pituch & Stapleton, in press).  

The single-level mediation equations (see Equations 2 and 3) can be 

reformulated to assess mediation effects when using multilevel data. The next set of 

sections describes the four types of multilevel mediation models that can be estimated 

with two-level mediation data. Three of these four multilevel mediation models 

encountered in cluster-randomized trials, which are the upper-level, cross-level and 

contextual mediation models, are of interest for the current study and will be 

discussed in detail. The reason why models involved in cluster randomized trial is 

described in detail is that cluster randomized trial is appealing in feasibility and 

sensibility (Murray, Varnell, & Blitstein, 2004) and thus has been widely adopted in 
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experimental studies (Donner & Klar, 2000; Varnell, Murray, Janega, & Blitstein, 

2004).   

To distinguish the type of mediation model being assessed, Krull and 

MacKinnon (1999) suggested using notation that indicates the level at which each of 

the X, M, and Y variables are measured as follows: LX → LM → LY (where Lj indicates 

the level of the j variable). Thus, the Lower-level mediation model is denoted as 

1 → 1 → 1 to indicate that the three variables in the mediation chain, X, M and Y, are 

each measured at Level-1. The Lower-level mediation model is applicable to a 

multisite experimental study (Finn & Achilles, 1990; Plewis &Hurry, 1998; 

Raudenbush & Liu, 2000). In this scenario, individuals at Level 1 within, for example, 

a given school (Level 2) are randomly assigned to the control or treatment conditions, 

and then the treatment assignment is repeated across schools. As noted, the current 

study is focused on the cluster randomized control study’s design and thus will not 

include further discussion of the 1 → 1 → 1 model. For further details about 

analyzing 1 → 1 → 1 structured data, interested readers can refer to Bauer, Preacher, 

and Gil (2006), Kenny, Korchmaros, and Bolger (2003), and Pituch and Stapleton (in 

press).  

 Upper-level mediation model: 2 → 2 → 1. The upper-level mediation model, 

shown in Figure 5, is denoted as 2 → 2 → 1 (Kenny, Kashy, & Bolger, 1998; Krull & 

MacKinnon, 2001) indicating that the first two variables in the mediation chain, X 
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and M are measured at level two, while the dependent variable Y is measured at the 

individual level.  

 

Figure 5. Upper-level Mediation Model 

 

To estimate a mediated effect in the 2→2→1 model, first Equation 2 is re-formulated 

to obtain the a coefficient (representing the regression of the level two M variable on 

the level two X variable) using the following equation:  

jjj uXM 00100 ++= γγ ,     (16) 

where γ01 corresponds to path a in Figure 3. Note that for this first equation, no 

multilevel model is necessary because the two variables of interest (the mediator, M, 

and the exogenous variable, X) are both level two variables. 
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To obtain the b coefficient (representing the regression of Y on M controlling 

for X), a multilevel model is necessary. Thus, Equation 3 is extended such that at 

level one the equation is:  

ijjij rY ′+′= 0β ,     (17) 

and at level two: 

jjjoj uXM 0020100 ′+′+′+′=′ γγγβ ,    (18) 

where ijY is the level one outcome for level one unit i in cluster j, j0β ′  is the cluster 

mean of the dependent variable, and 01γ ′ provides the coefficient that is equivalent to 

path b in Figure 3.  

Thus, the mediated effect ab in the upper-level 2 → 2 → 1 model is 

equivalent to the product of 01γ  and 01γ ′ . Using Equation 7, the standard error 

estimate of the estimated mediated effect can be calculated, which can then be used 

with the various statistical tests of the mediated effect. In particular, the Empirical-M 

test for mediation (MacKinnon et al., 2004) can be calculated (by using PRODCLIN 

software; MacKinnon et al., 2007). When using PRODCLIN to calculate the 

confidence interval limits for the mediated effect (see Equations 11 and 12) in a 

multilevel model, the estimates of 01γ  and 01γ ′  (corresponding with a and b, 

respectively), the two coefficients’ corresponding standard error estimates, as well as 

the desired α-level associated with the relevant percent confidence must be provided. 
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Note that PRODCLIN can be used to calculate the confidence interval limits for the 

mediated effect in any of the multilevel models mentioned in the current study. 

 Krull and MacKinnon (2001) demonstrated use of the 2 → 2 → 1 model to 

test the mediated effect for a team-based educational program (i.e., Level-2 

independent variable, jX ) that was designed to influence team strength training self-

efficacy (i.e., Level-2 mediating variable, jM ) that was intended to decrease 

intentions of using steroids among high school football players (i.e., Level-1 outcome, 

ijY ). For illustration purposes, Pituch and Stapleton (in press) give a hypothetical 

example of an upper-level mediation model using simulated data. In Pituch and 

Stapleton’s scenario, the effect of a school-based professional development program 

( jX ) on teacher skill of teaching reading strategies ( ijY ) was modeled as mediated by 

school principal support ( jM ).As a final example of a 2 → 2 → 1 mediation model, 

its use would also be appropriate for exploring the mediation of the relationship 

between a school-based improvement program (Xj) and a student’s math ability (Yij) 

through some measure of, for example, a school’s  academic environment (Mj). 

The next section will describe the cross-level (2 → 1 → 1) mediation model 

distinguishing it from the 2 → 2→ 1 model.   

 Cross-level mediation model: 2 → 1 → 1. The cross-level mediation model is 

shown in Figure 6, denoted as 2 → 1 → 1. This model should be used for datasets in 
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which the independent variable, X, is a Level-2 variable and both the mediating and 

the dependent variables are measured at Level 1.  

 

Figure 6. Cross-level Mediation Model 

 

To estimate a mediated effect for data fitting a 2→1→1 model, first Equation 

2 is re-formulated to obtain the a coefficient using the following Level-1 equation:  

ijjij rM += 0β ,     (19) 

with the following Level-2 equation:  

jjj uX 001000 ++= γγβ ,     (20) 

where ijM  represents the score on the mediating variable of individual i in cluster j, 

j0β  represents the mean of the mediating variable in the jth cluster, and 01γ  is 

equivalent to path a. To obtain the b coefficient, Equation 3 is extended to the 

following Level-1 equation:  
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ijijjjij rMY ′+′+′= 10 ββ      (21) 

and the following Level-2 equations: 
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,     (22) 

where
 10γ ′  is equivalent to path b. Thus, the mediated effect ab in the cross-level 

mediation model is equivalent to the product of 01γ  and 01γ ′ . Recall that the 

confidence interval limits associated with the mediated effect in this model can be 

obtained using PRODCLIN (MacKinnon et al., 2007), using the same procedure as 

for the upper-level mediation model. Note that in Equation 22, j1β ′ is modeled as 

fixed, although it can be modeled as randomly varying (Pituch & Stapleton, in press)  

Krull and MacKinnon (2001) illustrated how the cross-level mediation model 

can be used in an experimental context. They provided an example in which the 

relationship between a team-based intervention program (i.e., Level-2 independent 

variable, jX ) and the intentions of using steroids among high school football players 

(i.e., Level-1 outcome, ijY ) is mediated by the players’ perceptions of their coach’s 

tolerance of steroid use (i.e., Level-1 mediator, ijM ).  In addition, Pituch and 

Stapleton (in press) also provided an applied example of 2 → 1 → 1 model in which a 

school-based professional development program ( jX ) might be designed to change 

teachers’ knowledge about how students learn to read ( ijM ), which, ultimately, might 

change teachers’ skills in teaching reading strategies ( ijY ).  
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 Cross- and upper-level mediation model: 2 → 1&2 → 1. The last model in the 

two-level mediation framework that will be described is the cross- and upper-level 

model which is denoted, here, by 2 → 1&2 → 1 and is shown in Figure 7.  

 

Figure 7. Cross- and Upper-level Mediation Model 

 

The notation (2 → 1&2 → 1) is used to reflect that this model combines the 

2 → 1 → 1 and 2 → 2 → 1 models because the cross- and upper-level model includes 

the level 1 mediating variable, ijM , and the cluster mean for each cluster j, jM , as 

mediators. Pituch and Stapleton (in press) demonstrated use of the 2 → 1&2 → 1 

model by extending the example they had used with the 2→2→1 and 2→1→1 

models. Their example of a combination model included an assessment of the effects 

of a school-based development program that was hypothesized to impact teachers' 
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knowledge about how students learn to read which ultimately affected teachers’ skills 

in teaching reading strategies. The 2 → 1&2 → 1 model included individual teachers’ 

values on the teacher’s knowledge mediator variable, Mij, as well as each school’s 

average (across teachers) teacher knowledge, jM . This applied example will be used 

in the next section to assist in explaining the  2 → 1&2 → 1 model. 

Because there are two mediating variables in the  2 → 1&2 → 1 model, this 

means that there will be two estimates for each of the paths, a and b, in the indirect 

effect. The first estimate of the a coefficient, )(ˆ ia  is based on the impact of the 

independent variable, Xj, on the mediating variable, Mij, using the individual measures 

of the mediating variable. Using Pituch and Stapleton’s (in press) example, )(ia  is 

based on the impact of the school-based development program on teachers' 

knowledge about how students learn to read. This )(ˆ ia  can be obtained using 

Equations 19 and 20 as with the cross-level mediation model. Coefficient 01γ  in 

Equation 20 provides the first estimate of a. The other a coefficient estimate, )(ˆ ja , 

involves estimation of the impact of the independent variable, Xj, on the mediating 

variable using the aggregated measure of the mediating variable, jM . Again, using 

Pituch and Stapleton’s example, )( ja is based on the impact of the school-base 

development program on each school’s mean teachers’ knowledge scores. This )( ja  

can be estimated using Equation 16 from the upper-level mediation model, and the 

corresponding coefficient is 01γ  in Equation 16. The two estimates of the b path can 
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be obtained using the same Level-1 equation  as appears in Equation 21 with the 

following Level-2 equation: 
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where jM  is the mediating variable aggregated across level one units within each 

level two unit j. The first estimate of b, )(ˆ ib , accounts for the relation between the 

individual mediating variable and the dependent variable, controlling for the 

aggregated mediating variable as well as the treatment effect (of Xj on Yij), and it is 

equivalent to 10γ ′  in Equation 23. The )(ˆ ib  in Pituch and Stapleton’s (in press) 

example is the estimated impact of individual teacher’s knowledge ( ijM ) on teachers' 

reading teaching skills ( ijY ), after controlling for the school’s mean teacher 

knowledge ( jM ) and for the direct effect of the treatment. The other b estimate, )(ˆ jb , 

is based on estimating the impact of the aggregated mediating variable on the 

dependent variable after controlling for the individual mediating variable and 

treatment’s direct effect. Coefficient 02γ ′  in Equation 23 provides the corresponding 

coefficient.  

When jM  is based on the average of ijM within each cluster j, then 

)()( ˆˆ ji aa =  (see Pituch & Stapleton, in press). The equality of )(ˆ ia  and )(ˆ ja  means that 

two mediated effects are estimable for the model depicted in Figure 7, namely the 
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level one, a )(ib , and the level two a )( jb , mediated effects. More specifically, the 

level one effect, a )(ib , represents the treatment effect on the outcome through the 

Level-1 mediator, adjusting for the aggregated Level-2 mediator, and the level two 

effect, a )( jb , represents the treatment effect on the outcome through the Level-2 

aggregated mediator, adjusting for the Level-1 mediator. For each of those two 

mediated effects, the standard error estimate can be computed using Equation 7, and 

the Empirical-M test for mediation (MacKinnon et al., 2004) can be conducted using 

PRODCLIN (MacKinnon et al., 2007)  

 Given the weaknesses already mentioned in terms of the estimation of the 

mediated effect using the causal steps strategy and the joint significance test, their 

extensions for use with multilevel data will not be discussed. However, several 

methodological studies have been conducted to assess the performance of the Z-test, 

the empirical-M test and bootstrap resampling methods for testing mediation with 

multilevel datasets. Similar results were found as have been found with single-level 

mediation analysis. 

Pituch et al. (2006) compared three bootstrap methods, the parametric 

percentile bootstrap, the bias-corrected bootstrap and the iterated bias-corrected 

bootstrap, with other single-sample estimation methods in a multilevel mediation 

simulation study. The authors investigated the performance of these methods with 

upper-level and cross-level mediation models. Pituch et al. found similar patterns of 

results for both of the multilevel mediation models that they investigated in that the 



42 
 

bias-corrected bootstrap method performed the best in terms of accuracy of overall 

Type I error rates and strong statistical power. The Empirical-M method was the next 

best performing method and had the greatest statistical power and most accurate 

overall Type I error rate among all the single-sample estimation methods. For the 

cross-level mediation model for which the widest range was found in terms of 

statistical power, the average difference in statistical power between the bias-

corrected bootstrap method and the Empirical-M method was 1.9%, while the average 

difference in Type I error rates between these two methods was 0.8%. In terms of the 

accuracy of the 95% confidence intervals for the null mediated effect, the Empirical-

M and bias-corrected bootstrap methods both performed best. Similar results were 

found in another multilevel mediation simulation study (Pituch & Stapleton, 2008) 

extended to assess mediation effects’ estimates with non-normal data. Again, the 

bias-corrected parametric percentile bootstrap and the Empirical-M methods 

performed the best among all the methods that were compared. Given the very slight 

differences in performance between the bias-corrected bootstrap method and the 

Empirical-M test, but the greater ease with which applied users can test mediated 

effects using the Empirical-M test, the current study will focus on the Empirical-M 

method as implemented using PRODCLIN (MacKinnon et al., 2007). Future research 

can extend the current study to include an evaluation of the use of the bias-corrected 

bootstrap methods in the context to be examined here. 

In addition, because similar patterns of results have been found across 

multilevel mediation models in previous simulation studies (Krull & MacKinnon, 
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2001; Pituch et al., 2006), the current study will focus only on the upper-level 

mediation model.  

In the subsequent sections, structural equation modeling (SEM) for single-

level and multilevel analyses will be briefly reviewed. The context underlying this 

review will describe the use of single- and multi-level SEM for mediation analyses. 

This will culminate in a discussion of the use of multilevel SEM specifically with the 

upper-level mediation models.  

The SEM Approach to Mediation Analysis 

 Until now, all the mediation models discussed in previous sections, including 

both single-level and multilevel mediation models, have involved manifest variables 

in which a single observed variable (typically a total or mean score) is used to 

represent respondents’ scores on a latent construct. When a single variable is used to 

measure a latent construct, this involves the assumption that the single measure is 

perfectly reliable and perfectly represents the latent construct with no measurement 

error. However, measurement of social and educational constructs is rarely perfectly 

reliable. Ignoring measurement error can cause biased results. As noted by 

MacKinnon (2008), in the context of mediation analysis, the size of the mediated 

effect is diminished by the unreliability of measures while the direct effect can be 

overestimated (Hoyle & Kenny, 1999). Hoyle and Kenny (1999) conducted a single-

level simulation study, manipulating the reliability of a mediating variable that had 

three indicators, as well as the collinearity of the independent and mediating variables. 
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The authors found that use of latent variable models improved the accuracy of 

assessing mediated effects.  

SEM in general can be thought as consisting of two parts, including the 

measurement model and the structural model. The measurement model consists of the 

pattern of the relationships among factors and with their corresponding indicators. 

Measurement models are typically assessed using confirmatory factor analysis (CFA). 

The structural model describes the pattern of relationships among factors and/or 

observed variables. Measurement models based on the CFA framework are described 

in the next section, followed by a description of structural models, models’ estimation 

and the assessment of single-level SEM models’ fit.  

Confirmatory factor analysis model. Using matrix notation, the CFA model 

for a set of p exogenous variables, X, regressed on r exogenous latent variables, ξ  is: 

δξ +Λ= xX       (24) 

and for a set of q endogenous variables Y, regressed on s endogenous latent variables, 

η , is: 

εη +Λ= yY ,      (25) 

where xΛ  and yΛ  are matrices of dimensions ( rp× ) and ( sq× ), respectively, 

whose elements consist of the factor loadings (i.e., λ s) that describe the effects of the 

factors on the indicators, ξ  and η  are vectors of endogenous and exogenous latent 

variables of dimensions ( 1×r ) and ( 1×s ), respectively, and δ  and ε  are vectors of  

respective measurement errors of dimensions ( 1×p ) and ( 1×q ), respectively.  
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 Structural model. The structural model of SEM with latent variables (i.e., 

factors) can be represented as 

    ζξηη +Γ+= B ,     (26) 

 where η  and ξ  are column vectors of endogenous and exogenous factors of 

dimensions ( 1×s ) and ( 1×r ), respectively, as in Equations 24 and 25, B is an ss ×  

square matrix whose elements are the structural coefficients from endogenous to 

other endogenous factors, Γ  is an rs×  matrix of structural regression parameters 

from exogenous to endogenous factors, and ζ  is an 1×s  column vector whose 

elements are the error terms of the endogenous factors.  

 Because the general SEM is a comprehensive statistical model that combines 

the measurement and structural models, the combination of the measurement models 

expressed by Equations 24 and 25, and the structural model described by Equation 26 

is a representation of a general SEM. Once a SEM model is specified and identified, 

the next step entails model estimation.  

Because conventional SEM is designed to analyze the covariation among 

observed and latent variables, the primary goal of estimation is to find a set of values 

for the unknown parameters θ  to produce an implied covariance matrix, denoted by

)ˆ(θΣ or Σ̂ , that is as close to the observed sample covariance matrix S  as possible. 

The goal of SEM model estimation is to minimize the discrepancy between the 

model-implied covariance matrix and the observed sample covariance matrix thereby 

minimizing the fitting function, ]ˆ,[ ΣSF  (Bollen, 1989). 
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In CFA, for X variables, Σ̂  can be expressed as: 

δΘ+ΛΦΛ=Σ ˆˆˆˆˆ xx ,     (27)     

and for Y variables, Σ̂  is: 

εΘ+ΛΨΛ=Σ ˆˆˆˆˆ yy ,     (28) 

where Φ̂  and Ψ̂ are the rr×  and ss ×  estimated covariance matrices for the 

exogenous factors ξ  and the endogenous factors η , respectively, and δΘ̂  and εΘ̂ are 

the pp× and qq×  estimated covariance matrices of the measurement errors, δ  and 

ε , respectively. Similarly, the model-implied covariance matrix Σ̂  for a general SEM 

with both measurement and structural models can be expressed as: 
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Details about the derivation of these model-implied covariance matrices can be found 

in any seminal SEM text (for example, Bollen, 1993; Hoyle, 1995; Kline, 2005). 

There are several different estimation procedures including maximum 

likelihood (ML), unweighted least squares (ULS), weighted least squares (WLS), and 

generalized least squares (GLS) estimation that are distinguished by the fitting 

function they minimize. Among these estimation methods, ML is the most commonly 

used procedure and is the default used by most SEM software programs (e.g., Mplus, 

LISREL, etc.).   
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Each of these estimation procedures provides a model 2χ  test statistic for 

testing individual model fit. This statistic is based on the relevant estimation 

procedure’s fitting function. The smaller its value, the smaller the discrepancy 

between the model-implied and observed data [i.e., between the sample estimates S 

and )ˆ(θΣ of Σ and Σ(θ)]  and the better the model fit. For larger sample sizes, the 

model χ2 becomes increasingly powerful at detecting differences between Σ and  Σ(θ) 

even though the differences might be of little practical insignificance. Due to the χ2 

statistic’s sensitivity to sample size, researchers are encouraged to use additional fit 

indices to evaluate models (Bollen 1993; Hoyle, 1995; Kline, 2005).  

Various additional goodness-of -fit indices (GFIs) are available for assessing 

individual model fit, including Bentler’s Comparative Fit Index (CFI; Bentler, 1990), 

the Root Mean Square Error of Approximation (RMSEA; Steiger & Lind, 1980; 

Steiger, 1990), the Tucker-Lewis Index (TLI; Tucker, 1973) which is also called the 

Bentler-Bonett Non-normed Fit Index (NNFI; Bentler & Bonett, 1980) and the 

SRMR. Hu and Bentler (1999) came up with and tested criteria supporting good 

model fit for these fit indices that are now commonly used. These combination 

criteria supporting good model fit include: (i) CFI ≥  0.96 and SRMR ≤  0.10, or (ii) 

RMSEA ≤  0.06 and SRMR ≤  0.10 Researchers should find evidence supporting 

model fit before interpreting model parameter estimates. The following section 

describes the use of single-level SEM for single-level mediation analyses. 

Single-level Mediation Models under the SEM Framework 
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One of the primary benefits of SEM is it allows modeling of measurement 

errors in indicators of an underlying factor (Bollen, 1993). The resulting parameter 

estimates describing relationships among factors and/or observed variables have been 

found to be more precise when measurement error is modeled (Hoyle & Kenny, 

1999). This particular benefit of SEM also applies to its use for mediation analyses. 

For example, using undergraduate survey data, Wei and Mallinckrodt (2003) 

conducted mediation analyses using SEM and found that the impact of attachment 

anxiety on psychological distress is fully mediated by perceived coping, and the 

impact of attachment avoidance on psychological distress is partially mediated by 

perceived coping. Their independent variables (i.e., attachment anxiety and 

attachment avoidance) and mediating variable (i.e., perceived coping) were modeled 

as latent variables, each with three indicators, and their dependent variable (i.e., 

psychological distress) was a latent variable with five indicators. In addition, Dunkley 

and Blankstein (2000) used SEM when assessing maladaptive coping as a mediating 

variable between self-critical perfectionism and both self-critical perfectionists’ 

current distress and their daily hassles. All of these variables in their mediation model 

were modeled as latent variables, each measured by three indicators. For example, 

self-critical perfectionists’ current distress was measured using indicators of 

depression, anger and psychosomatic distress.   

The next section describes how a single-level SEM can be used to estimate the 

basic mediation model that includes an observed exogenous variable, (X, a 

dichotomous treatment versus control variable) along with a latent mediating variable 
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and a latent outcome variable. This scenario provides the foundation for a 

corresponding model the context of a cluster randomized trial that will be the focus of 

the current study.  

Suppose that there are u and v indicators for the mediating and outcome 

factors, ηM and ηY, respectively. The structure of the associated single-level 

mediation model is shown in Figure 8. 

 

Figure 8. Basic Single-Level Mediation Model under the SEM Framework.  

 

Using Equation 25, the measurement model for the mediation model depicted in 

Figure 8 can be expressed as follows: 
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To formulate the full mediation model contained in Figure 8 (not just the 

measurement model portion for the two latent factors) using SEM, matrices Ψ  and 

εΘ  for the latent mediating and dependent variables must also be specified. As 

mentioned before, the matrix εΘ̂ is the estimated covariance matrix for measurement 

error, ε . As mentioned earlier, use of the SEM for handling measurement error is 

particular important for the latent mediating variable, because ignoring measurement 

error in the mediating variable could result in underestimation of the mediated effect 

and overestimation of the direct effect of X on Y (Baron & Kenny, 1986; Hoyle & 

Kenny, 1999). 

Several specialized statistical software packages, including, for example, 

AMOS (Arbuckle & Wothke, 1999), EQS, LISREL, and Mplus can be used to 

estimate the SEM-based mediation model. The estimate of the resulting mediated 

effect can then be calculated as the product of the relevant two parameter estimates, 

MXγ̂  and YMβ̂  (see Figure 8). The standard error of the mediated effect can also be 

estimated by substituting the relevant parameter estimates (here, MXγ̂ , for â  and 

YMβ̂ for b̂ ) and their corresponding standard error estimates into Equation 7. Then, 
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confidence interval limits can be calculated using the Empirical-M method associated 

with PRODCLIN.  

In addition to allowing the modeling of relationships among latent variables, 

use of the SEM framework allows assessment of individual models’ fit to help inform 

model selection. However, use of single-level SEM is not designed to model the 

clustering of data that is commonly found in large-scale datasets. Fortunately, the 

SEM framework has been extended to include the clustering of level one units (e.g., 

students) within level two units (e.g., classrooms) through the use of multilevel SEM 

(MLSEM). Use of multilevel SEM allows the modeling of measurement error in 

observed indicators of factors along with appropriately modeling dependencies 

inherent in clustered data.  

Multilevel Mediation Models under the Multilevel SEM Framework 

 The single-level SEM can be extended to the MLSEM framework for 

handling clustered data. This extension provides an opportunity to applied researchers 

who are interested in testing mediated effects in the presence of clustered data and 

with latent mediating and/or outcome variables. The next section provides a brief 

review of MLSEM that ultimately leads to the description of its use for estimating the 

upper-level mediation model that includes a cluster-level, observed exogenous 

variable representing whether the respondent was in a treatment versus control 

condition, along with a cluster-level latent mediating variable and an individual-level 

latent outcome variable.  
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 Multilevel SEM. The statistical theory that underlies MLSEM has been 

discussed for decades (e.g., Hox, 1995; McDonald & Goldstein, 1989; Muthén, 1989, 

1990, 1994; Muthén & Satorra, 1989), however, only more recently have the 

procedures been available for estimating these models. MLSEM allows modeling of 

inter-relationships among latent and/or observed variables while appropriately 

handling the dependencies originating in the multilevel structure of the dataset. 

MLSEM takes into account both between-cluster (cluster level) variability and 

within-cluster (individual level) variability.  

Applied researchers are increasingly using MLSEM. Toland and De Ayala 

(2005) conducted an applied multilevel factor analysis study on students’ evaluations 

about teachers’ teaching while appropriately partitioning variability in students’ 

outcomes into the student and teacher components. Zimprich and Martin (2009) had 

an illustrative chapter in the book of Aging and Cognition in which they estimated a 

series of multilevel factor analysis models of intelligence development in old age. 

Stapleton (2006) demonstrated estimation of a two-level SEM modeling the 

relationship between TV watching and achievement while again appropriately 

partitioning student and school level variability. Bai, Poon and Cheung (2006) 

demonstrated analysis of a two-level SEM that entailed different factor structures at 

both the within- and between-cluster levels. Bovaird illustrated the use of MLSEM in 

a longitudinal study of locus of control (2007).  

As noted earlier, SEM is consisted of the measurement model and the 

structural model, and the same applies for MLSEM.  Following the pattern used in the 
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discussion of the single-level SEM, the subsequent sections will first present the 

formulation of the MLSEM measurement model. This is followed by a description of 

the structural model in MLSEM.  Recall that the ρICC provides a measure of the 

degree of cluster-related dependence. Equations 13 and 14 provide the formulation of 

the ρICC for single variable outcomes. For a multivariate dataset scenario, calculation 

of the jth variable’s ρICC in a multilevel analysis can be expressed as follows (Julian, 

2001; Muthén, 1991): 

jWjB

jB
jICC dd

d
][][

][
Σ+Σ

Σ
=ρ ,     (31) 

where jBd ][Σ is the jth diagonal entry of the covariance matrix for the between-

cluster structure and jWd ][Σ  is the jth diagonal entry of the covariance matrix for the 

within-cluster structure, (i.e., the jth variance components at the respective levels). 

However, when calculating the set of sample ρICC s in the multivariate case, it is not 

as simple as substituting sample variance components into Equation 31 directly, 

because the sample between- and within-cluster covariance matrices ( BS  and WS ) 

are not unbiased estimators of the population between- and within-cluster covariance 

matrices, BΣ  and WΣ , respectively. Estimation of the MLCFA model and 

computation of unbiased estimators of the population between- and within-cluster 

covariance matrices will be discussed in the next section. Once the unbiased 

estimators are defined, the sample ρICC s then can be computed by substituting the 

corresponding components into Equation 31. 
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 MLCFA estimation. The estimation of MLCFA starts with partitioning the 

total covariance matrix into two covariance matrices, as shown below.  

WBT Σ+Σ=Σ ,               (32) 

where, as mentioned earlier, BΣ  and WΣ are the population between- and within-

cluster covariance matrices, respectively, and TΣ  is the population total covariance 

matrix. Because MLCFA is just an extension of the conventional CFA, Equations 27 

and 28, for exogenous and endogenous variables, respectively, can be extended to 

represent the covariance structure models at both the between- and within-cluster 

levels using following equations:  

BBBBB Θ+ΛΨΛ=Σ              (33) 

and 

WWWWW Θ+ΛΨΛ=Σ .                 (34) 

Analogously, Equation 29 can be extended to include both the between- and within-

covariance structure models with matrices and vectors representing the corresponding 

between- and within-components for both the measurement and structural models in 

MLSEM.  

Muthén (1989, 1994) provided a pseudobalanced approach to estimate 

MLSEM model parameters. The basic idea of this approach is to use multi-group 

analysis in SEM to estimate a between-cluster covariance matrix and a within-cluster 

covariance matrix simultaneously. Because the sample between- and within-cluster 

covariance matrices are not unbiased estimates of the population matrices ( BΣ  and 
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WΣ , respectively), they should not be used directly in MLSEM estimation. Instead, 

Muthén (1989, 1994) showed that the sample pooled within-cluster covariance matrix, 

PWS , provides an unbiased estimator of the population matrix, WΣ . Therefore, the 

population within-cluster structure shown in Equation 34 can be estimated using 

PWS . The PWS  can be calculated for a sample with N total observations nested 

within G clusters with gn observations in the gth cluster by using the following 

equation: 
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where gY  is the vector of g cluster means. For the between-cluster structure, however, 

the sample scaled between-cluster covariance matrix, BS , is not an unbiased 

estimator of the BΣ , as is demonstrated from the expected value of BS : 

E ( BS ) = WΣ + .n BΣ ,      (36) 

where BS  can be calculated for a sample with N total observations nested within G 

clusters with gn observations in the gth cluster by using the following equation:  
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where Y  is the grand mean. Based on Equation 36, Muthén (1994) suggested to scale 

the between-cluster components of the indicators by .n . (see Equation 15).  

Because BS  contains information about both BΣ  and WΣ , and Full 

Information Maximum Likelihood (FIML) estimation is problematic for unbalanced 

data structures, Muthén (1989, 1994) proposed the pseudobalanced approach for 

unbalanced data structures, i.e. the quasi–maximum likelihood fitting function 

(MUML). Several researchers (Hox, 1993; Hox & Maas, 2001; McDonald, 1994; 

Muthén, 1990; Yuan & Hayashi, 2005) concluded that MUML uses less information 

than FIML but provides reasonably similar results as to FIML. The estimates were 

found to be very similar in conditions in which the ρICC was not low, with at least 100 

clusters in the dataset (Hox & Maas, 2001) and when the ratio of the variance of the 

different cluster sizes to the mean cluster size was small (Yuan & Hayashi, 2005). 

The MUML does provide robust standard error estimates and an adjusted 2χ test 

statistic, and they are expected to be robust to nonnormality (Muthén, 2003). Because 

the between-cluster covariance structure is affected by the number of clusters, 

Muthén (1990) recommended having at least 50 to 100 clusters in order to obtain 

stable results. 

Muthén’s pseudobalanced approach (1994) for MLSEM model parameter 

estimation with all continuous indicators has been implemented in Mplus, and it is 

also available in EQS 6.0 and LISREL 8.7. The availability of software eases the 

analysis procedures for applied researchers interested in estimating MLSEM models. 
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However, simple estimation of an MLSEM model does not mean that the resulting 

model fits the data. Obviously, applied researchers would also like to know how well 

a particular model fits a dataset and how well one model fits as compared with 

alternative models. Thus model fit assessment is also important in MLSEM. As with 

single level models, researchers should find evidence supporting model fit before 

interpreting MLSEM model parameter estimates. However, there is a lack of 

discussion about optimal fit index cutoffs for use in MLSEM. It is assumed that most 

applied researchers will use Hu and Bentler’s (1999) criteria for good model fit with 

MLSEM but it is unclear how well these criteria work with MLSEM models. 

 In addition, while applied researchers are increasingly using MLSEM models 

to assess their research questions, only recently has the use of MLSEM to evaluate 

mediation models been suggested (Preacher, Zyphur, & Zhang, 2010). The next 

section presents the MLSEM parameterization of the upper-level mediation model. 

 MLSEM upper-level mediation model. Recall that for the upper level (2 → 2 

→ 1) mediation model, both the independent and mediating latent variables are 

measured at the cluster-level while the outcome, Y, is measured at the individual level. 

Figure 9 below shows an upper-level mediation model in which both the mediator 

and outcome are multiple-indicator measures of a latent factor. The cluster-level 

latent mediation variable is measured by u indicators and the individual-level latent 

outcome variable is measured by v indicators.  
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Figure 9. Upper-Level Mediation Model under the MLSEM Framework. 

 

For the 2 → 2 → 1 model, the within-cluster measurement model can be 

obtained using Equation 25 based on the within-cluster portion of the model (see 

bottom part of Figure 9), and the between-cluster measurement model can be 

obtained again using Equation 25 based on the between-cluster portion of the model 

(see upper part of Figure 9). Similarly, using Equation 26 the structural model for the 

2 → 2 → 1 model can be specified. 
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 The 2s in the first two positions of the 2 → 2 → 1 model indicate that the 

independent variable X and the latent  mediating variables, M, are only measured at 

the cluster level, and thus their effects on the latent dependent variable, Y, are 

hypothesized only at the cluster level. That is, under the particular parameterization of 

the 2 → 2 → 1 model, variables X, M and Y are not assumed to have any relationship 

(i.e., no structural model) at the within-cluster level. Therefore, the structure model 

for  2 → 2 → 1 is only specified at the between-cluster level and it can be obtained 

using Equation 26 based on the structural relations among those three variables at the 

between-cluster level. To completely determine the mediation model as shown in 

Figure 9 using MLSEM, both the between-cluster and within-cluster matrices of Ψ  

and εΘ  (i.e., BΨ , WΨ , BΘ  and WΘ ) for the latent mediating and dependent 

variables must also be specified.  

Several specialized statistical software packages, including, for example, 

LISREL and Mplus can be used to estimate this MLSEM mediation model. The 

estimate of the resulting mediated effect can then be calculated as the product of the 

relevant two parameter estimates, MXγ̂  and YMβ̂  (see Figure 9). The standard error 

of the mediated effect can also be estimated by substituting the relevant parameter 

estimates (here, MXγ̂ , for â  and YMβ̂ for b̂ ) and their corresponding standard error 

estimates into Equation 7. Then, asymmetric confidence interval limits can be 

calculated using the Empirical-M test using PRODCLIN, which has not been used 
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with MLSEM estimates for testing mediated effects. Model fit could also be assessed 

although this is not the focus of interest of the current study.  

 

Statement of Purpose 

In summary, because of its advantages in terms of helping researchers 

understand the underlying mechanisms through which an independent variable affects 

a dependent variable, mediation analysis is of key interest in many fields. Research 

has already been done to extend the basic mediation model so that mediated effects 

can be assessed in datasets entailing multilevel data structures. However, most of the 

multilevel mediation models that have been evaluated and used include manifest 

variable models involving use of a single variable (for the mediator and outcome) and 

the assumption that score on the variables are perfectly reliable. Using manifest 

models in mediation analysis can result in underestimated mediated effects and 

overestimated direct effects (Hoyle & Kenny, 1999). Use of the MLSEM, however, 

can appropriately model both potential measurement error and latent variables 

(Preacher et al., 2010).  

Preacher et al. (2010) proposed using the MLSEM framework for assessing 

multilevel mediated effects, and Pituch and Stapleton (in press) demonstrated the use 

of Mplus software for different multilevel mediation models with observed variables. 

Thus methodological researchers are encouraging use of the MLSEM framework for 

mediation analysis. However, no simulation study has been conducted that has 

empirically assessed use of the MLSEM framework for assessing multilevel mediated 
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effects, and it is unclear how well mediated effects are estimated under this 

framework. In addition, while researchers (Krull & MacKinnon, 2004; Pituch et al., 

2006; Pituch et al., 2006) have conducted simulation studies to assess the 

performance of different methods for testing mediated effects, and the use of the 

empirical-M test has been found to work well (Pituch et al., 2006) with multilevel 

models, however, use of the Empirical-M test with MLSEM estimates has not been 

assessed. More specifically, the performance of the Empirical-M test using 

PRODCLIN (MacKinnon, et al., 2007) with MLSEM estimates for testing mediated 

effects has not been assessed.  

In addition, it is not clear what minimum sample sizes might be needed to 

provide accurate and precise and tests of the mediated effect under the MLSEM 

framework. And with multilevel data, sample size is affected by both the number of 

level two units as well as the number of level one units per level two unit. It is also 

unclear how other important design factors might impact estimation of the mediated 

effect under MLSEM. These other conditions include the degree of cluster-level 

dependence as operationalized using the ρICC and the true magnitude of the mediated 

effect, which Krull & MacKinnon (1999, 2004) and Pituch et al. (2005) found to 

affect recovery of the mediated effect. And lastly use of the MLSEM rather than the 

multilevel model permits appropriate modeling of measurement error associated with 

the mediating and outcome variables. Thus, the current study will also include the 

degree of measurement error as a design condition. The primary goal of this study 
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was then to assess how well use of the MLSEM techniques works in terms of 

estimating the mediated effect. And while recently, use of the MLSEM has been 

suggested for multilevel mediation models (e.g., Pituch & Stapleton, in press; 

Preacher et al., 2010), yet applied researchers instead are using the conventional 

multilevel model. Thus the current study compared recovery of the mediated effect 

when using the MLSEM as opposed to its recovery when using traditional multilevel 

mediation analysis techniques. This study entailed a simulation study in which the 

following factors were manipulated: the true ρICC values, the within- and between-

cluster sample sizes, the degree of measurement error in the mediator, and the 

magnitude of the true mediated effect.  
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Chapter 3: Method 

 This simulation study was designed to investigate estimation of the mediated 

effect in clustered data structures. The MLSEM framework and as well as the 

traditional multilevel analysis approach were used to model the mediated effect. The 

data were generated to fit an upper-level mediation model (i.e., 122 →→  model) 

mimicking a cluster randomized trial with level two units randomly assigned to 

intervention. A dichotomous independent variable, X, was used to represent treatment 

versus control group membership. The mediator, M, a continuous latent variable 

measured by four indicators was a cluster-level variable. The outcome variable, Y, 

was also a latent variable entailing four indicators and measured at the individual-

level.  

The simulation study was designed to assess use of MLSEM model estimation 

for recovering the mediated effect under a variety of manipulated conditions. The 

manipulated conditions in the simulation study included the following: ρICC, number 

of clusters, within-cluster sample size, levels of measurement error in the mediator, M,  

and the true values of the a and b parameters whose product provides the mediated 

effect. In the following sections, details of these manipulated factors are presented. 

This is followed by a description of data generation procedures and the evaluation 

criteria used. 

Simulated Conditions 
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ρICC. Values of the ρICC were manipulated based on values found from a 

search of methodological research studies in both multilevel mediation analysis (Krull 

& MacKinnon, 1999;2001; Pituch et al., 2006) and general multilevel studies (Julian, 

2001; Mass & Hox, 2005; Meyers & Beretvas, 2006). Based on previous simulation 

studies (e.g., Krull & MacKinnon, 2001; Meyers & Beretvas, 2006), small and 

moderate ρICC values were used (0.05 and 0.15, respectively). Recall that in a 

MLSEM analysis, the ρICC can be expressed as a function of the two population 

covariance matrices, BΣ  and WΣ  (see Equations 33 and 34). Therefore, in MLSEM, 

the ρICC is a function of multiple parameters including the factor loadings, factor 

covariances and residual variances at the between- and within-cluster levels. The 

combinations of the values of these specific parameters used to derive the two ρICC 

levels are provided in later sections and in Appendix.  

 Number of clusters. Several researchers (Hox & Mass, 2001; Kreft & de 

Leeuw, 1998; Mass & Hox, 2005; Van der Leeden, Busing, & Meijer, 1997) have 

made recommendations about the optimal minimal number of clusters, G, to use 

when estimating multilevel models. Large numbers of nonconvergent cases, biased 

parameter and standard error estimates, and inflated Type I error rates for correct 

between-cluster model identification have been associated with small numbers of 

clusters in previous simulation studies (Hox & Mass, 2001; Julian, 2001; Stapleton, 

2002; Ryu & West, 2009). Hox and Mass (2001) conducted a simulation study that 

found that unbiased level two parameter estimates in a MLCFA model could be 
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achieved when the number of clusters was a minimum of 100. However, as 

mentioned by Hox and Mass (2001), it is difficult to obtain data from a large number 

of clusters and many applied studies have used MLSEM with smaller numbers of 

clusters. In addition, values of G used in previous simulation studies of multilevel 

mediation analysis have ranged from 10 to 200 (Bauer et al., 2006; Kenny et al., 2003; 

Krull & MacKinnon, 1999, 2001; Pituch et al., 2005, 2006). Therefore, to assess the 

impact of G in multilevel mediation analysis using MLSEM, three levels of G were 

considered (20, 40 and 80) in the current study. For all levels of G, half of the clusters 

were assigned to the experimental and half to the control group.   

 Within-cluster sample size. For simplicity’s sake, the current study only 

considered balanced designs with the same within-cluster sample size across clusters, 

i.e., jG nnnn ==== 21 . Thus, the total sample size, N,  equals the product of the 

condition’s number of clusters, G, with nj. In choosing the values of nj for the current 

study, (a) previous methodological research’s findings about minimum within-cluster 

sample sizes were considered, (b) the value of the total sample size was manipulated 

that permitted examination of the impact of G versus nj in conditions based on the 

same overall sample size, N.   

The minimum number of within-cluster observations has been assessed by 

several methodological researchers (Hox & Mass, 2001; Pfeffermann et al., 1998). 

Pfeffermann et al. (1998) found that when jn  was as low as nine, the estimates of the 

variances at both between- and within-cluster levels were inaccurate, regardless of the 
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size of G. Yet Hox and Mass (2001) found in MLCFA that an nj value of 10 paired 

with 50 clusters yielded accurate within-cluster parameter estimates. In addition, 

Stapleton (2002) mentioned that the within-cluster sample sizes in large-scale 

samples in educational research, such as the data sets of the National Study of the 

Postsecondary Faculty (Selfa et al., 1997), the National Educational Longitudinal 

Survey of 1998 (Ingels et al., 1998) and the Early Childhood Longitudinal Study (U.S. 

Department of Education, 2001), tend to fall within the range of 10 to 50.  

For these purposes, the two values for the within-cluster sample size included 

20 and 40. Therefore, the smallest total sample size was N = 400, which was close to 

the minimum of 500 suggested by Julian (2001). There were two different sets of 

conditions with the same total sample size, N, of 800 . The two sets of conditions 

varied in their number of clusters (20 versus 40) combined with different cluster 

sample sizes (40 versus 20).  There were also two different sets of conditions with the 

same N of 1,600, again varying in their number of clusters (40 versus 80) combined 

with different cluster sample sizes (40 versus 20). These sets of combinations of 

sample sizes was designed to assess the importance of the number of clusters versus 

the within-cluster sample size while controlling for total sample size in some 

conditions.  

Degree of measurement error for M. Measurement error for the cluster level 

mediator M are a function of the factor’s standardized loading values, the variance of 

M and the variance of each indicator of M. Thus, to manipulate the degree of 

measurement error as a design condition, two different standardized loading values 
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were considered. Because the standardized between-cluster factor loadings found in 

applied MLCFA and MLSEM studies, and used in previous simulation research with 

MLCFA and MLSEM typically varies from 0.4 to 0.8 (e.g., Hox & Mass, 2001; 

Peugh & Enders, 2010; Rowe, 2003; Yuan & Bentler, 2002; Yuan & Hayashi, 2005), 

the two standardized path values were chosen to be 0.5 and 0.8 to represent large and 

small degrees of measurement error in M, respectively. These values are associated 

with construct reliability (DeShon, 1998; Reuterberg & Gustafsson, 1992) values of 

0.571 and 0.877, respectively. 

 True values of a and b. The mediated effect assessed in the current study was 

calculated using the product of a and b. As noted earlier, a represents the effect of the 

independent variable X on the mediating variable M, and b represents the impact of M 

on the dependent variable Y after controlling for X (see Figure 3). Conditions in 

which there was no mediated effect (i.e., where ab = 0) were examined as well as 

conditions with a small- to moderately-sized mediated effect.  

There were three null conditions (i.e., ab = 0), in which the true values of a 

and b were set as follows: (a) a = 0, b = 0; (b) a = 0, b = 0.3; and (c) a = 0.3, b = 0. 

These values of a and b were chosen because they are among those that have been 

used in previous simulation studies of multilevel mediation analysis (e.g., Krull & 

MacKinnon, 1999; Pituch et al., 2005, 2006). Previous studies (MacKinnon et al., 

2004; Pituch et al., 2005) have found differences in results when both a and b are zero 

(leading to no mediated effect) versus conditions in which either a or b were zero.  
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Three non-null conditions (here, where ab = 0.09) were generated using the 

following combinations of values: (a) a = 0.3, b = 0.3; (b) a = 0.1, b = 0.9; and (c) a = 

0.9, b = 0.1. The true value of 0.09 for the mediated effect was used in the simulation 

study of multilevel mediation analysis conducted by Krull and MacKinnon (1999) 

and is in the range of true values used in several additional multilevel mediation 

simulation studies (Krull & MacKinnon, 2001; Pituch et al., 2005, 2006). These 

values of a and b were chosen to reflect three different situations involving the 

mediated effect size in which (a) the effects of a and b are the same in magnitude; (b) 

the effect of a is smaller than the effect of b; and (c) the effect of a is larger than the 

effect of b.  

Finally, the generating value for direct effect of X on Y (i.e., c′, in Figure 3), 

was specified to be constant with a value of 0.1 across conditions. This value matched 

the value used in previous multilevel mediation simulation studies by Krull and 

MacKinnon (1999, 2001) Pituch et al. (2005) and Pituch et al. (2006).  

Data Generation 

SAS (Version 9.2) was used to generate datasets with a dichotomous 

independent variable X and continuous latent mediating variable, M, and dependent 

variable, Y (each of which will be measured by four indicators). In Figure 10, an 

upper-level mediation model (i.e., 122 →→ ) with a single latent mediator and a 

latent dependent variable is shown for which the data were generated. The 

independent variable X is a cluster-level variable, and was generated simultaneously 
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with M and Y’s values (which is discussed in more detail below).The resulting X 

values had a standard normal distribution that was dichotomized into ones and zeroes 

such that generated values smaller than or equal to zero were assigned to the control 

(X = 0) group and generated values for X that were larger than zero were assigned to 

the treatment (X = 1) group.  

The mediating variable M is a cluster-level latent variable measured by four 

indicators ( 1m , 2m , 3m  and 4m ) and thus only the between-cluster structure for M 

was generated. The population parameter values at the cluster level for M include a 

value of one for the mediating factor’s variance and as well as for each of the four 

indicators’ variances. Table 1 lists the different generating values use for the error 

variances of the ms and for the disturbance variances for the latent indicators of M 

(the MiBs in Figure 9) that depended on the true value of a and the degree of 

measurement error in M. An explanation of the derivation of these values is provided 

in the Appendix. 
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Table 1. Parameter Values for Generating Mediating Variable, M, Values  

 Condition 
 Less 

Measurement Error 
More 

Measurement Error 

ICCρ = 0.05 ICCρ = 0.15 ICCρ = 0.05 ICCρ = 0.15 
a = b = 0; a = 0, b = 0.3    
   Disturbance Variance     
   ( 2

MBζσ ) 
1 1 1 1 

   Error Variance 
   ( 2

MiBςσ ) 
0.36 0.36 0.75 0.75 

a = 0.3, b = 0; a = b = 0.3 
   Disturbance Variance  
   ( 2

MBζσ ) 

    
0.91 0.91 0.91 0.91 

   Error Variance  
   ( 2

MiBςσ ) 
0.36 0.36 0.75 0.75 

a = 0.1, b = 0.9 
   Disturbance Variance  
   ( 2

MBζσ ) 

   
0.99 0.99 0.99 0.99 

   Error Variance  
   ( 2

MiBςσ ) 

a = 0.9, b = 0.1 

0.36 0.36 0.75 0.75 
    

   Disturbance Variance  
   ( 2

MBζσ ) 
0.19 0.19 0.19 0.19 

   Error Variance 
   ( 2

MiBςσ ) 
0.36 0.36 0.75 0.75 

 

The dependent variable Y is an individual-level latent variable measured with 

four indicators ( 1y , 2y , 3y  and 4y ). The population parameter values for Y include 

values of one for the mediating factor’s variance at the cluster level, and values of 0.8 

for the standardized factor loadings at both the cluster and individual levels. Table 2 
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below provides the combinations of parameter values that result in the relevant small 

and moderate ρICC values (0.05 and 0.15, respectively) for different combinations of 

parameters a and b. Derivation of these values is provided in more detail in the 

Appendix. 
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Table 2. Parameter Values for Generating Outcome Variable, Y, Values  

 Condition 
 a = b = 0; 

a = 0.3, b = 0 
a = 0, b = 0.3 a = 0.3, b = 

0.3 
a = 0.1, b = 

0.9 
a = 0.9, b = 0.1 

 ICCρ  ICCρ  ICCρ  ICCρ  ICCρ  
 0.05 0.15 0.05 0.15 0.05 0.15 0.05 0.15 0.05 0.15 
Within-Cluster Structure           
     Factor Variance (

WYϕ ) 12.16 3.627 12.16 3.627 12.16 3.627 12.16 3.627 12.16 3.627 

     Error Variance ( 2
YiWςσ ) 6.84 2.04 6.84 2.04 6.84 2.04 6.84 2.04 6.84 2.04 

Between-Cluster Structure           
     Disturbance Variance ( 2

YBςσ ) 0.99 0.99 0.9 0.9 0.882 0.882 0.162 0.162 0.962 0.962 

     Error Variance ( 2
YiBςσ ) 0.36 0.36 0.36 0.36 0.36 0.36 0.36 0.36 0.36 0.36 
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Figure 10. Two-Level 122 →→  Generating Model with Latent Mediation and 

Outcome Factors. 

 

Given the generating values specified in Table 1 and in the Between-Cluster 

Structure row in Table 2, along with the relevant population parameter values 

associated with X (shown in Figure 10), the between-cluster population covariance 

matrix, BΣ , for all nine variables was obtained using Equation 29 for each simulation 
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condition.  Because the outcome variable is an individual-level latent variable, it has 

an additional within-cluster data structure. The within-cluster population covariance 

matrix, WΣ , for the four ys was created by substituting values for the factor loadings, 

factor variance and error variances specified in the  Within-Cluster Structure row in 

Table 2 for each simulation condition into Equation 34. The raw-score data were 

generated using three steps. First, raw level two data for X, M and Y for each of the G 

clusters were generated using the between-cluster population covariance matrix, BΣ . 

Similarly, raw outcome score (Y) data for each of the N level one units were 

generated using the within-cluster population covariance matrix, WΣ . Last, each 

cluster’s outcome score data was matched with its respective level one members and 

the data combined so that each individual Y value had been generated to be a function 

of the level one and level two factor structures and relevant design conditions.  

A SAS PROC IML routine was used for generating data. Data were generated 

for all possible combinations of the two levels of ρICC, the three values for the number 

of clusters, the two within-cluster sample sizes, the two levels of measurement error 

and the six true values of ab, yielding a total number of 144 combinations of 

conditions. For each combination of conditions, 1,000 replication datasets were 

generated and analyzed using both MLSEM and traditional multilevel analysis 

techniques for assessing mediated effect, resulting in a total of 144,000 datasets that 

were analyzed.  

Evaluation Criteria 
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The upper-level mediation model with latent mediation and outcome factors 

was estimated using Mplus software (Muthén & Muthén, 1998) with its default 

estimator MLR, which provides maximum likelihood parameter estimates and robust 

standard errors using the sandwich estimator. In addition, the same mediation model 

with observed mediation and outcome variables, i.e., the conventional multilevel 

mediation model, was also estimated using Mplus with MLR estimation. Parameter 

and standard error (SE) estimates for 1,000 converged solutions from the MLSEM 

and the multilevel model were saved. Then, relative parameter bias (Hoogland & 

Boomsma, 1998) for both the a and b parameters and the mediated effect ab 

parameter as well as for their corresponding standard error parameters were 

calculated and saved for each of the two models. Relative parameter bias was 

calculated using the following equation: 

i
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,      (38) 

where iθ  is the generating true value of the ith parameter and iθ̂  is the average 

estimate of the ith parameter across the 1,000 converged replication datasets 

(Hoogland & Boomsma, 1998).  

The standard deviation of each condition’s 1,000 parameter estimates provides 

the (empirically) “true” standard error of the relevant parameter (Yang & Robertson, 

1986). The relative bias between this “true” standard error and the average SE 
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estimate across each condition’s 1,000 estimates is termed the relative SE bias and 

was calculated as follows: 

( )( ) ( ) ( )
( )i
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(Hoogland & Boomsma, 1998). 

Similarly, the confidence interval limits of the mediated effect was calculated 

by entering the parameter and SE estimates for each of a and b into PRODCLIN 

software (MacKinnon et al., 2007). To assess the accuracy of the asymmetric 

confidence interval limits of the mediated effect obtained using PRODCLIN, the 

proportions of replications in which the confidence interval did not contain the true 

mediated effect were tallied. Mimicking previous mediation modeling research, 

Bradley’s (1978) liberal robustness criterion was used when assessing the accuracy of 

parameter recovery. Specifically, the proportion of replications in which the true 

mediated effect is below the lower confidence interval limit and above the upper 

confidence interval limit is considered problematic if it lies outside the range of  

1.25% to 3.25% for each of the upper and lower 95% confidence interval limits.  

When the true ab was zero, then the proportion of replications for which the resulting 

confidence interval limits did not include a value of zero were interpreted as the Type 

I error rate. When the true ab value is not zero, then the proportion of replications for 

which the resulting confidence interval limits include the true non-zero value was 

interpreted as the statistical power of the confidence interval estimator. 
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The resulting relative parameter bias in the estimates of a, b and ab, and the 

proportions of times that the confidence interval did not contain the true mediated 

effect were examined and compared across conditions and the two estimation 

techniques. 
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Chapter 4: Results 

 This chapter summarizes estimation of the mediated effect in an upper-level 

mediation model (i.e., 122 →→ model) using the MLSEM versus a multilevel 

mediation model (MMM) that ignores measurement error in the mediator and 

outcome variables. The data were generated to mimic a cluster randomized trial with 

level two units randomly assigned to intervention and a mediating variable measured 

at the cluster level. Relative parameter and standard error biases for the a and b 

parameters and for the mediated effect ab parameter are summarized. In addition, the 

proportions of replications in which the confidence interval for ab did not contain the 

true mediated effect are for each of the 144 manipulated conditions for each of the 

two models that were estimated. 

Number of Non-convergent Cases 

 The number of non-convergent model estimates for both the MLSEM and the  

MMM are summarized in Tables 3 for the a = b = 0; a = 0.3 with b = 0; a =  0 with b 

= 0.3 conditions respectively. Table 4 contains the number of non-convergent model 

solutions for each of the a = b = 0.3; a = 0.1 with b = 0.9; a = 0.9 with b = 0.1 

conditions, respectively. 
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Table 3. Number of Non-convergent Cases for the a = b = 0; a = 0.3 with b = 0; a =  
0 with b = 0.3 Condition by Model and Condition 

 True Values of Parameters a and b  
Condition a = b = 0 a = 0.3, b = 0 a = 0, b = 0.3 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 317 0 387 0 320 1 
   40 250 0 261 0 223 1 
  40 20 130 1 117 1 124 0 
   40 106 0 75 0 73 0 
  80 20 57 0 52 0 49 0 
   40 34 0 15 0 30 0 
 0.8 20 20 200 3 363 3 202 0 
   40 174 1 155 1 153 0 
  40 20 77 0 138 0 65 0 
   40 128 0 140 0 85 0 
  80 20 40 0 25 0 16 0 
   40 166 0 166 0 53 0 

0.15 0.5 20 20 193 0 205 1 214 0 
   40 160 0 159 0 155 0 
  40 20 60 0 47 0 45 0 
   40 57 0 51 0 48 0 
  80 20 12 0 11 0 5 0 
   40 5 0 5 0 6 0 
 0.8 20 20 61 0 102 0 71 0 
   40 40 0 42 0 7 0 
  40 20 13 0 16 0 10 0 
   40 8 0 6 0 3 0 
  80 20 2 0 2 0 0 0 
   40 1 0 0 0 0 0 

Note. MMM = conventional multilevel mediation model.  
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Table 4. Number of Non-convergent Cases for the a = b = 0.3; a = 0.1 with b = 0.9; 
a =  0.9 with b = 0.1 Condition by Model and Condition 

 True Values of Parameters a and b  
Condition a = b = 0.3 a = 0.1, b = 0.9 a = 0.9, b = 0.1 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 330 1 302 5 293 0 
   40 263 1 197 0 227 0 
  40 20 101 0 60 0 76 0 
   40 68 0 40 0 46 0 
  80 20 33 0 11 0 28 0 
   40 6 0 10 0 10 0 
 0.8 20 20 223 3 176 8 234 2 
   40 120 0 105 1 156 0 
  40 20 55 0 5 0 73 0 
   40 61 0 3 0 113 0 
  80 20 27 0 0 0 33 0 
   40 42 0 0 0 108 0 

0.15 0.5 20 20 443 5 138 0 155 0 
   40 156 0 93 0 116 0 
  40 20 49 0 17 0 49 0 
   40 45 0 14 0 27 0 
  80 20 4 0 0 0 3 0 
   40 1 0 0 0 5 0 
 0.8 20 20 62 0 38 1 63 0 
   40 31 0 16 0 40 0 
  40 20 11 0 1 0 11 0 
   40 5 0 0 0 7 0 
  80 20 1 0 0 0 3 0 
   40 8 0 0 0 0 0 

Note. MMM = conventional multilevel mediation model.  



81 
 

  For most of the conditions under the MMM, all model solutions converged. 

This was not the case for the MLSEM. The number of non-convergent cases under 

the MLSEM was influenced by several manipulated factors in the current simulation 

study, with the two largest effect being the number of clusters, G, and the value of the 

true intraclass correlation, ICCρ ,  for indicators of M. Table 5 contains the average 

number of non-convergent cases under the MLSEM by the number of clusters and the 

true values of a and b. 

Table 5. Average Number of Non-convergent Cases under the MLSEM by the number 

of clusters and the true values of a and b 

Condition G = 20 G  =  40 G = 80 

a = b = 0  209.25 72.38 39.63 

a = 0.3,  b = 0 168.13 73.75 34.50 

a = 0, b = 0.3 183.92 56.63 19.88 

a = b = 0.3 203.50 49.38 15.25 

a = 0.1, b = 0.9 133.13 17.50 2.63 

a = 0.9, b = 0.1 160.50 50.25 23.75 

Average  176.41 53.32 22.61 

 

The average number of non-convergent cases decreased as the number of clusters 

increased under the MLSEM. The overall average numbers of non-convergent cases 

for G = 20, 40 and 80 were 176.4, 53.3 and 22.6, respectively. The within-cluster 

sample size, jn , also had an impact on the number of non-convergent cases but with 

a smaller effect such that the average number of  the non-convergent cases decreased 
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as jn increased. The effect of G  and jn on the number of non-convergent cases thus 

led to a similar influence of the total sample size, N, on the number of non-convergent 

cases.  The average number of non-convergent cases for N = 400, 800, 1600 and 3200 

were 212.17, 96.85, 33.81 and 27.33, respectively.  

 The value of the true intraclass correlation, ICCρ ,  for indicators of M was 

also seen to have an impact on the number of non-convergent cases under the 

MLSEM. The larger was the ICCρ , the fewer the non-convergent cases. The average 

numbers of non-convergent cases when ICCρ  was small (i.e., ICCρ = 0.05) was 

130.81, while it was only 54.27 when ICCρ  was large (i.e., ICCρ  = 0.15) across all 

conditions.  

Relative Parameter Bias 

 The relative bias of the a, b and ab parameter estimates for both models for 

the a = b = 0 condition are summarized in Tables 7. Tables 8 through 12 contain the 

relative parameter bias for the following combinations of conditions: a = 0.3 with b = 

0; a = 0 with b = 0.3; a = b = 0.3; a = 0.1 with b = 0.9; and a = 0.9 with b = 0.1 

conditions, respectively. 
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Table 6. Relative Parameter Bias for the a, b and ab Parameters for the a = b = 0 
Conditions by Model and Condition 

 Parameter 
Condition a b ab 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 0.018 -0.003 0.016 0.010 0.013 -0.003 
   40 -0.012 0.002 -0.028 -0.011 -0.016 0.001 
  40 20 0.009 0.006 -0.010 0.008 0.002 0.001 
   40 -0.014 0.002 -0.001 -0.001 -0.002 -0.001 
  80 20 0.001 -0.002 -0.001 -0.001 -0.003 < .001 
   40 -0.006 -0.003 -0.007 -0.004 0.001 0.001 
 0.8 20 20 0.010 0.002 -0.024 -0.010 0.003 0.001 
   40 -0.001 0.001 -0.010 -0.002 -0.005 -0.001 
  40 20 < .001 -0.010 0.006 -0.002 0.002 0.002 
   40 -0.007 -0.003 0.011 0.007 0.004 < .001 
  80 20 0.001 < .001 -0.008 -0.004 -0.001 < .001 
   40 0.003 0.001 0.011 0.001 0.001 < .001 

0.15 0.5 20 20 0.011 -0.003 0.018 0.001 0.007 0.001 
   40 -0.012 -0.015 -0.035 -0.013 0.013 0.002 
  40 20 0.001 < .001 0.015 0.005 -0.003 < .001 
   40 < .001 -0.001 0.003 -0.002 -0.001 -0.001 
  80 20 -0.002 -0.001 0.006 0.002 0.001 0.001 
   40 0.007 0.008 0.002 0.002 0.001 < .001 
 0.8 20 20 -0.014 -0.011 -0.013 -0.007 -0.002 0.001 
   40 0.006 0.003 0.003 0.003 -0.004 -0.003 
  40 20 0.002 0.002 -0.005 -0.006 -0.001 < .001 
   40 -0.001 < .001 -0.008 -0.007 0.003 < .001 
  80 20 < .001 < .001 0.009 0.007 < .001 < .001 
   40 0.001 0.004 -0.001 < .001 0.001 0.001 

Note. MMM = conventional multilevel mediation model. Highlighted values indicate 
substantial relative parameter bias (Hoogland & Boomsma, 1998). 
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Table 7. Relative Parameter Bias for the a, b and ab Parameters for the  a = 0.3 with 
b = 0 Conditions by Model and Condition 

 Parameter 
Condition a b ab 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 0.220 -0.266 0.060 0.021 0.002 0.002 
   40 0.002 -0.242 0.018 0.009 0.003 0.003 
  40 20 -0.051 -0.268 0.035 0.005 0.006 0.006 
   40 -0.022 -0.245 0.007 0.003 < .001 -0.001 
  80 20 0.016 -0.249 0.009 0.011 0.002 0.002 
   40 -0.002 -0.242 0.009 0.007 0.002 0.001 
 0.8 20 20 0.077 -0.106 0.061 < .001 0.018 0.002 
   40 0.050 -0.055 0.027 0.016 0.007 0.003 
  40 20 -0.013 -0.083 0.014 0.010 0.005 0.003 
   40 -0.004 -0.065 0.016 -0.002 0.003 -0.001 
  80 20 0.009 -0.058 0.028 0.019 0.006 0.004 
   40 -0.018 -0.069 0.022 0.010 0.005 0.002 

0.15 0.5 20 20 -0.088 -0.296 0.036 0.016 0.002 0.003 
   40 -0.069 -0.233 -0.002 -0.002 -0.001 0.002 
  40 20 -0.057 -0.263 0.016 0.006 < .001 0.001 
   40 -0.050 -0.261 0.027 0.011 0.012 0.003 
  80 20 -0.020 -0.245 0.008 0.006 0.002 0.001 
   40 -0.037 -0.261 0.011 0.009 0.005 0.002 
 0.8 20 20 -0.021 -0.122 0.006 0.007 0.007 0.004 
   40 -0.010 -0.093 0.018 0.015 0.005 0.005 
  40 20 -0.047 -0.100 0.010 0.011 0.001 0.001 
   40 0.013 -0.050 0.012 0.011 0.003 0.003 
  80 20 0.007 -0.058 0.007 0.006 0.002 0.001 
   40 0.026 -0.088 0.017 0.013 0.004 0.003 

Note. MMM = conventional multilevel mediation model. Highlighted values indicate 
substantial relative parameter bias (Hoogland & Boomsma, 1998).  
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Table 8. Relative Parameter Bias for the a, b and ab Parameters for the a = 0 with b 
= 0.3 Conditions by Model and Condition 

 Parameter 
Condition a b ab 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 -0.002 -0.002 -0.034 -0.284 0.006 0.001 
   40 -0.007 < .001 0.073 -0.297 -0.012 0.002 
  40 20 0.018 0.003 0.073 -0.337 0.008 0.002 
   40 0.001 -0.004 -0.006 -0.354 -0.001 -0.002 
  80 20 0.007 0.004 0.063 -0.318 -0.001 < .001 
   40 0.003 0.002 -0.002 -0.324 0.002 < .001 
 0.8 20 20 0.014 0.004 -0.016 -0.127 0.006 0.002 
   40 0.021 0.007 0.109 -0.199 0.002 0.003 
  40 20 -0.007 -0.007 0.085 -0.197 -0.003 -0.001 
   40 -0.001 -0.001 0.034 -0.131 -0.001 -0.001 
  80 20 < .001 0.002 0.098 -0.163 0.001 0.001 
   40 0.003 -0.002 0.047 -0.144 < .001 < .001 

0.15 0.5 20 20 0.022 0.014 0.229 -0.341 0.005 0.001 
   40 0.009 0.004 0.034 -0.314 0.013 0.003 
  40 20 0.009 < .001 0.037 -0.328 0.007 0.001 
   40 -0.002 0.002 -0.031 -0.365 -0.002 < .001 
  80 20 -0.003 -0.002 0.034 -0.319 -0.001 < .001 
   40 -0.005 -0.005 -0.034 -0.353 < .001 -0.001 
 0.8 20 20 0.009 0.010 0.067 -0.175 0.001 0.001 
   40 0.004 0.002 0.029 -0.152 -0.003 0.001 
  40 20 -0.004 -0.003 -0.040 -0.203 -0.001 -0.001 
   40 -0.001 -0.002 0.006 -0.164 -0.001 -0.001 
  80 20 -0.002 -0.001 -0.004 -0.172 < .001 < .001 
   40 -0.002 -0.002 -0.012 -0.176 -0.001 < .001 

Note. MMM = conventional multilevel mediation model. Highlighted values indicate 
substantial relative parameter bias (Hoogland & Boomsma, 1998).  
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Table 9. Relative Parameter Bias for the a, b and ab Parameters for the a = b = 0.3 
Conditions by Model and Condition 

 Parameter 
Condition a b ab 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 0.003 -0.255 0.066 -0.366 0.161 -0.524 
   40 -0.031 -0.318 0.035 -0.375 0.049 -0.582 
  40 20 -0.005 -0.229 0.014 -0.368 -0.018 -0.516 
   40 0.020 -0.280 0.056 -0.350 0.128 -0.532 
  80 20 -0.007 -0.245 0.001 -0.340 -0.012 -0.504 
   40 -0.009 0.236 0.008 -0.340 -0.002 -0.499 
 0.8 20 20 -0.036 -0.071 0.024 -0.209 -0.045 -0.194 
   40 -0.066 -0.045 -0.031 -0.162 -0.103 -0.202 
  40 20 -0.016 -0.083 0.131 -0.135 0.147 -0.188 
   40 0.006 -0.057 0.041 -0.173 0.050 -0.223 
  80 20 -0.003 -0.056 0.037 -0.183 0.045 -0.225 
   40 0.001 -0.071 0.040 -0.199 0.030 -0.258 

0.15 0.5 20 20 0.014 -0.047 0.033 -0.082 0.049 -0.119 
   40 -0.025 -0.255 0.036 -0.403 -0.017 -0.549 
  40 20 -0.010 -0.266 -0.032 -0.384 0.045 -0.515 
   40 -0.017 -0.260 0.020 -0.366 0.031 -0.520 
  80 20 -0.036 -0.245 0.016 -0.357 0.017 -0.513 
   40 0.013 -0.236 -0.019 -0.370 0.035 -0.513 
 0.8 20 20 0.035 -0.056 -0.018 -0.205 0.034 -0.222 
   40 -0.054 -0.046 0.044 -0.200 -0.021 -0.229 
  40 20 -0.004 -0.072 0.022 -0.193 0.011 -0.232 
   40 -0.028 -0.093 0.020 -0.218 -0.049 -0.290 
  80 20 -0.017 -0.078 0.001 -0.193 -0.039 -0.264 
   40 -0.002 -0.065 -0.027 -0.193 -0.012 -0.233 

Note. MMM = conventional multilevel mediation model. Highlighted values indicate 
substantial relative parameter bias (Hoogland & Boomsma, 1998).  
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Table 10. Relative Parameter Bias for the a, b and ab Parameters for the a = 0.1 with 
b = 0.9 Conditions by Model and Condition 

 Parameter 
Condition a b ab 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 0.021 -0.319 -0.096 -0.296 0.064 -0.486 

   40 0.158 -0.102 -0.063 -0.256 0.037 -0.353 

  40 20 0.002 -0.257 0.020 -0.280 0.033 -0.475 

   40 0.086 -0.199 0.037 -0.280 0.179 -0.428 

  80 20 0.018 -0.241 0.050 -0.287 0.068 -0.460 

   40 0.061 0.204 0.026 -0.295 0.104 -0.441 

 0.8 20 20 -0.243 -0.225 -0.058 -0.136 -0.266 -0.354 

   40 0.007 -0.102 -0.001 -0.110 0.037 -0.202 

  40 20 -0.101 -0.158 0.016 -0.156 -0.099 -0.293 

   40 0.086 -0.008 0.036 -0.152 0.143 -0.154 

  80 20 -0.028 -0.093 0.021 -0.166 -0.015 -0.240 

   40 -0.050 -0.112 0.020 -0.160 -0.047 -0.264 

0.15 0.5 20 20 -0.078 -0.374 -0.033 -0.336 -0.156 -0.618 

   40 -0.240 -0.272 0.011 -0.336 -0.152 -0.562 

  40 20 -0.062 -0.204 0.046 -0.295 -0.008 -0.441 

   40 -0.049 -0.279 0.027 -0.301 0.020 -0.479 

  80 20 0.063 -0.212 0.022 -0.299 0.090 -0.457 

   40 -0.002 -0.251 0.021 -0.295 0.027 -0.480 

 0.8 20 20 0.053 0.068 -0.004 -0.091 0.049 -0.050 

   40 -0.106 -0.082 0.014 -0.117 -0.153 -0.220 

  40 20 -0.066 -0.130 0.021 -0.164 -0.049 -0.273 

   40 0.018 -0.052 0.010 -0.167 0.023 -0.215 

  80 20 -0.017 -0.080 0.010 -0.121 -0.008 -0.194 

   40 -0.014 -0.070 0.004 -0.167 -0.025 -0.242 
Note. MMM = conventional multilevel mediation model. Highlighted values indicate 
substantial relative parameter bias (Hoogland & Boomsma, 1998).  
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Table 11. Relative Parameter Bias for the a, b and ab Parameters for the a = 0.9 with 
b = 0.1 Conditions by Model and Condition 

 
Parameter 

Condition a b ab 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 -0.039 -0.260 -0.676 -0.888 -0.688 -0.915 
   40 -0.052 -0.260 -0.375 -0.796 -0.492 -0.868 
  40 20 -0.005 -0.253 -0.573 -0.865 -0.546 -0.909 
   40 -0.013 -0.250 -0.790 -0.802 -0.853 -0.854 
  80 20 -0.008 -0.247 -0.260 -0.732 -0.269 -0.790 
   40 -0.009 -0.247 -0.508 -0.775 -0.540 -0.835 
 0.8 20 20 -0.023 -0.071 -0.870 -0.339 -0.879 -0.395 
   40 -0.014 -0.326 -0.245 -0.249 -0.266 -0.260 
  40 20 -0.008 -0.069 -0.062 -0.418 -0.065 -0.455 
   40 -0.005 -0.067 -0.029 -0.396 0.514 -0.431 
  80 20 -0.002 -0.065 0.146 -0.367 0.162 -0.402 
   40 -0.001 -0.065 0.032 -0.547 0.036 -0.575 

0.15 0.5 20 20 -0.032 -0.255 -0.643 -0.836 -0.706 -0.869 
   40 -0.032 -0.256 -0.789 -0.720 -0.896 -0.785 
  40 20 -0.011 -0.252 -0.427 -0.729 -0.483 -0.800 
   40 0.000 -0.246 -0.160 -0.722 -0.177 -0.788 
  80 20 -0.006 -0.249 -0.221 -0.721 -0.268 -0.795 
   40 -0.010 -0.246 0.038 -0.805 0.040 -0.860 
 0.8 20 20 -0.019 -0.071 -0.690 -0.630 -0.725 -0.677 
   40 -0.017 -0.070 -0.269 -0.333 -0.263 -0.366 
  40 20 -0.007 -0.069 -0.221 -0.542 -0.231 -0.552 
   40 -0.006 -0.070 0.072 -0.245 0.100 -0.292 
  80 20 -0.001 -0.066 0.046 -0.365 0.048 -0.371 
   40 -0.002 -0.067 -0.002 -0.437 -0.001 -0.474 

Note. MMM = conventional multilevel mediation model. Highlighted values indicate 
substantial relative parameter bias (Hoogland & Boomsma, 1998).  
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The a parameter. Hoogland and Boomsma (1998) recommend the use of a 

value of 0.05 as the minimum cut-off magnitude indicating substantial relative 

parameter bias. For the conditions in which the true value of parameter a was zero, no 

substantial bias was found in both the MLSEM and the MMM models’ estimates of 

the  a parameter. (see Tables 6 and 8). However, all estimates of the a parameter were 

substantially downward biased when the true value of a parameter was not zero under 

the traditional MMM. However, estimation of parameter a under the MLSEM 

exhibited bias in a small subset of conditions. This substantial relative parameter bias 

was usually found in small total sample size conditions (i.e., N = 400 and 800) with 

large measurement error in the mediator ( s
miλ  = 0.5), and in conditions when the 

small number of clusters (G = 20) was paired with the lower measurement error 

condition ( s
miλ  = 0.8). When the true value of a was as large as 0.9, all estimates of 

the a parameter were not substantially biased under the MLSEM (see Tables 7 and 9 

through 11).  

 In terms of the design factors that seemed to influence the bias that was 

detected in the estimation of the a parameter, the true value of parameter a seemed to 

have the strongest impact. This was evidenced by the insubstantial bias noted under 

both the MLSEM and the MMM’s estimates of a when a was zero as compared with 

the substantial negative bias noted for larger non-zero values of a especially for the 

MMM estimates. In addition, when there was less measurement error in the latent 

mediating variable M, the average magnitude of the relative parameter bias of a 
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estimates was less than that when the measurement error was large across different 

values of sample size for both ICCρ = 0.05 and 0.15 under the traditional MMM. The 

means of these biases with different amounts of measurement error under the MMM 

for each combinations of the true values of a and b when a was not zero were shown 

in Tables 12.  

Table 12. Average Relative Parameter Bias of the a Parameter Estimates under the 

Conventional Multilevel Mediation Model by Measurement Error and True a and b 

Values  

 Condition 

Condition 5.0=s
miλ  8.0=s

miλ  

a = 0.3, b = 0 -0.256 -0.032 

a = b = 0.3 -0.200 -0.066 

a = 0.1, b = 0.9 -0.255 -0.079 

a = 0.9, b = 0.1 -0.252 -0.090 

  

 Sample size, including both the number of clusters, G, and the within-cluster 

sample size, jn , seemed to have no major impact on the relative parameter bias of the 

estimates of a across all conditions under the MMM. However, as was noted, when 

the true value of a was not zero, the relative parameter bias of the estimates of a 

under the MLSEM were substantial when the total sample size was less than or equal 

to 800. The intraclass correlation values, ICCρ , also did not seem to impact the bias 

noted under both of the two models. 
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 The b parameter. When the true value of b was zero, the traditional MMM’s 

estimates of b were not found to be substantially biased. With only two exceptions 

(for both S
miλ = 0.5 and S

miλ = 0.8 paired with the smallest sample sizes’ and ρICC 

conditions), all MLSEM estimates of b were also found to be non-substantially biased 

when the true b value was zero (see Tables 6 and 7).  

When the true value of b was not zero, all relative parameter bias of b under 

the MMM was found to be substantially negatively biased. The pattern of the bias in 

b matched that found for the bias in the estimation of a in that there was less bias 

when there was less measurement error (see Table 13).  

Table 13. Average Relative Parameter Bias of the b Parameter Estimates under the 

Conventional Multilevel Mediation Model by Measurement Error and True a and b 

Values 

 Condition 

Condition 5.0=s
miλ  8.0=s

miλ  

a = 0, b = 0.3 -0.272 -0.167 

a = b = 0.3 -0.342 -0.189 

a = 0.1, b = 0.9 -0.296 -0.150 

a = 0.9, b = 0.1 -0.783 -0.406 

 

Under the MLSEM, the majority of the relative parameter bias in the 

estimates of b when b was larger than 0.1 was not substantial (see Tables 8 through 

10). The true value of parameter b together with sample size, degrees of measurement 
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error and levels of intraclass correlation seemed to have had an impact on the relative 

parameter bias of b under the MLSEM. Substantial bias was found only for conditions 

with small number of clusters (i.e., G = 20) or small within-cluster sample size ( jn = 

20) across conditions of the lowest level of intraclass correlation. Substantial bias was 

also found for conditions with small total sample size (N = 400) across conditions of 

the highest level of intraclass correlation when b= 0.3 (see Tables 8 and 9). When b = 

0.9 (see Table 10), the bias in b was substantial only when the smallest number of 

clusters was paired with the lowest level of intraclass correlation. As shown in Table 

11, when b= 0.1, however, substantial bias was found except in several combinations 

of conditions, including conditions with larger number of clusters (G = 40 or 80) and 

large within-cluster sample size paired with less measurement error ( s
miλ = 0.8) and 

the highest level of the intraclass correlation in conditions with the largest total 

sample size (i.e., N = 3,200), more measurement error and the higher ρICC, and for 

conditions when the largest number of clusters (G = 80) was paired with s
miλ = 0.8 

and ρICC = 0.15. The true value of parameter b also had an impact on the relative 

parameter bias of b under the traditional MMM such that the lower the non-zero true 

b’s value, the more substantial the bias that was found. The largest degree of bias 

found in the MMM estimates occurred in conditions when the true value of a was 0.9 

paired with the true value of b = 0.1 (see Table 11). Table 14 summarizes the average 

magnitudes of the MMM's relative parameter bias for b by the true values of b and by 
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degrees of the measurement error, which also had a seemingly strong influence on the 

MMM's estimates of b.  

Table 14. Average Relative Parameter Bias of the b Parameter Estimates under the 

Conventional Multilevel Mediation Model by Measurement Error and the True Value 

of b  

 Condition 

Condition 5.0=s
miλ  8.0=s

miλ  

 b = 0.9 -0.296 -0.150 

 b = 0.3 -0.335 -0.178 

 b = 0.1 -0.783 -0.334 

 

The levels of measurement error in the latent mediating variable M had an 

effect on the relative parameter bias of the MMM estimates of b such that in general 

there was less bias when there was less measurement error (i.e., for the s
miλ = 0.8 

versus the s
miλ = 0.5 conditions) under the conventional MMM when the true b value 

was not zero (see Table 14).  

 The ab parameter. The conventional MMM’s estimates of the ab parameter 

were not substantially biased when the true value of ab was zero. This finding also 

held under the MLSEM across all conditions when ab = 0 (see Tables 7 through 9). 

When the true value of ab parameter was not zero, the conventional MMM’s 

estimates of the ab parameter were substantially underestimated. However, not all 

MLSEM's estimates of ab were substantially biased when the true value of ab was 
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not zero, and whether the bias was substantial depended on various combinations of 

design factors including: the true values of a and b, the level one and level two 

sample sizes, levels of measurement error and levels of intraclass correlation. When a 

= b = 0.3, the relative parameter bias of the MLSEM estimates of ab was not 

substantial when the largest total sample size (N = 3,200) was associated with small 

ICCρ  and the greater measurement error conditions, or in conditions when the largest 

number of clusters (G = 80) was associated with small ICCρ  and the least 

measurement error, or when N was not a combination of G = 20 and jn = 40 with less 

measurement error for all conditions involving the larger ICCρ  value (see Table 10).  

When the true values of a and b were 0.1 and 0.9, respectively, the MLSEM's 

estimates of ab were not substantially biased if large number of clusters (G = 80) was 

paired with the smaller ICCρ  value and less measurement error, or in conditions 

when a moderate total sample size (N = 800) was associated with smaller ICCρ  value 

and more measurement error, or when moderate to large number of cluster (G = 40, 

80) was associated with the larger ICCρ  condition (see Table 11).  

Lastly, when the combination of the true values of a and b were 0.9 and 0.1, 

respectively, the bias was not substantial when the total sample size was as large as 

3,200 for conditions with the smaller ICCρ  value and less measurement error, or in 

conditions with the larger ICCρ  and larger measurement error conditions, and when 
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the number of clusters was as large as 80 for the larger ICCρ  value and lesser 

measurement error conditions.      

 The degree of measurement error in the latent mediating variable, M, had an 

effect on the relative parameter bias of the MMM estimates of ab. The influence of 

the degree of measurement error on the relative parameter bias of the conventional 

MMM’s estimates of the ab parameter was the same as was found for the 

conventional MMM’S estimates of the a and b parameters. In general, there was less 

bias in the MMM estimates of ab when there was less ( s
miλ = 0.8) rather than more 

( s
miλ = 0.5) measurement error across all conditions when the true value of ab was not 

zero. Table 15 summarize the relative parameter bias for ab with different degrees of 

measurement error for each combination of true a and b values when ab was not zero 

for the MMM. 

Table 15. Average Relative Parameter Bias of the ab Parameter Estimates under the 

Conventional Multilevel Mediation Model by Measurement Error and True a and b 

Values  

 Mean 

Condition 5.0=s
miλ  8.0=s

miλ  

a = b = 0.3 -0.191 -0.230 

a = 0.1, b = 0.9 -0.473 -0.230 

a = 0.9, b = 0.1 -0.839 -0.438 
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Lastly, the levels of ICCρ  seemed to have no impact on the relative parameter bias 

for the MMM estimates of ab.  

Relative Standard Error Bias 

 The relative bias of standard error estimates for both the MMM and MLSEM 

models are presented in Tables 16 through 21 for the a = b = 0; a = 0.3 with b = 0; a 

=  0 with b = 0.3; a = b = 0.3; a = 0.1 with b = 0.9; a = 0.9 with b = 0.1 conditions, 

respectively.  
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Table 16. Relative Standard Error Estimation Bias for the a, b and ab Parameters for 
the a = b = 0 Conditions by Model and Condition 

 Parameter  
Condition a b ab 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 0.004 -0.103 0.214 -0.065 0.514 0.161 
   40 -0.102 -0.115 0.097 -0.148 0.291 0.079 
  40 20 0.223 -0.056 0.339 -0.099 0.506 0.152 
   40 0.030 -0.074 0.092 -0.056 0.232 0.108 
  80 20 0.026 -0.022 0.193 -0.042 0.214 0.157 
   40 0.071 -0.020 0.078 -0.043 0.263 0.174 
 0.8 20 20 -0.075 -0.086 0.314 -0.087 0.482 0.118 
   40 -0.032 -0.087 -0.023 -0.136 0.188 0.121 
  40 20 0.127 -0.045 0.214 -0.089 0.512 0.167 
   40 0.044 -0.042 -0.073 -0.073 0.010 0.118 
  80 20 -0.006 -0.027 0.108 -0.043 0.264 0.167 
   40 0.058 -0.043 -0.094 -0.061 0.164 0.206 

0.15 0.5 20 20 -0.077 -0.109 -0.052 -0.176 0.048 0.082 
   40 0.074 -0.099 0.063 -0.154 0.095 0.072 
  40 20 0.100 -0.050 0.102 -0.082 0.134 0.185 
   40 0.017 -0.081 0.032 -0.111 0.040 0.033 
  80 20 0.025 -0.054 0.044 -0.063 0.231 0.190 
   40 0.050 -0.048 0.073 -0.066 0.282 0.169 
 0.8 20 20 -0.058 -0.093 -0.008 -0.159 0.149 0.073 
   40 -0.109 -0.115 -0.071 -0.145 0.093 0.090 
  40 20 -0.016 -0.032 0.013 -0.100 0.264 0.163 
   40 -0.058 -0.079 -0.014 -0.078 0.232 0.169 
  80 20 -0.010 -0.022 0.012 -0.018 0.229 0.218 
   40 0.017 0.011 0.023 -0.025 0.255 0.239 

Note. MMM = conventional multilevel mediation model. Highlighted values indicate 
substantial relative standard error (Hoogland & Boomsma, 1998).  
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Table 17. Relative Standard Error Estimation Bias for the a, b and ab Parameters for 
the a = 0.3 with b = 0 Conditions by Model and Condition 

 Parameter 
Condition a b ab 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 0.204 -0.204 0.137 -0.052 0.327 0.044 
   40 0.055 -0.109 0.087 -0.152 0.167 -0.028 
  40 20 0.319 -0.040 0.415 -0.064 0.505 -0.035 
   40 0.075 -0.004 0.152 -0.075 0.202 0.028 
  80 20 < .001 -0.058 0.136 -0.055 0.179 -0.017 
   40 0.064 0.018 0.063 -0.037 0.043 0.002 
 0.8 20 20 0.031 -0.205 0.398 -0.137 0.494 -0.107 
   40 -0.081 -0.010 -0.032 -0.173 -0.002 -0.106 
  40 20 0.041 -0.049 0.392 -0.078 0.466 -0.008 
   40 -0.059 -0.060 -0.111 -0.106 -0.078 -0.049 
  80 20 -0.014 -0.014 0.131 -0.019 0.115 0.006 
   40 -0.043 -0.033 -0.126 -0.084 -0.890 -0.072 

0.15 0.5 20 20 -0.008 -0.094 0.168 -0.128 0.199 0.006 
   40 -0.038 -0.078 0.014 -0.187 -0.006 -0.107 
  40 20 0.071 -0.059 0.205 -0.075 0.168 0.013 
   40 -0.001 -0.102 0.082 -0.076 0.039 -0.037 
  80 20 0.008 -0.073 0.068 -0.028 0.025 -0.014 
   40 0.062 < .001 0.073 -0.024 0.064 0.156 
 0.8 20 20 -0.033 -0.076 0.022 -0.168 0.012 -0.077 
   40 -0.021 -0.067 -0.069 -0.170 0.069 -0.031 
  40 20 -0.032 -0.051 0.013 -0.080 0.016 -0.036 
   40 -0.028 -0.041 0.023 -0.066 0.030 -0.043 
  80 20 0.004 -0.003 -0.001 -0.065 -0.033 -0.078 
   40 -0.026 -0.036 -0.037 -0.084 -0.003 -0.041 

Note. MMM = conventional multilevel mediation model. Highlighted values indicate 
substantial relative standard error (Hoogland & Boomsma, 1998).   
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Table 18. Relative Standard Error Estimation Bias for the a, b and ab Parameters for 
the a = 0 with b = 0.3 Conditions by Model and Condition 

 Parameter 
Condition a b ab 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 0.103 -0.117 0.261 -0.016 0.394 0.162 
   40 -0.079 -0.124 0.077 -0.171 0.012 -0.023 
  40 20 0.184 -0.074 0.406 -0.064 0.352 0.054 
   40 0.039 -0.077 0.151 -0.095 0.107 0.007 
  80 20 -0.014 -0.043 0.091 -0.071 0.121 0.012 
   40 0.020 -0.026 0.097 -0.053 0.082 0.023 
 0.8 20 20 -0.070 -0.080 0.333 -0.067 0.292 0.041 
   40 -0.127 -0.100 0.156 -0.103 0.150 -0.017 
  40 20 0.176 -0.034 0.231 -0.064 0.317 0.035 
   40 -0.026 -0.049 0.135 -0.060 0.146 0.039 
  80 20 -0.015 -0.013 0.188 -0.070 0.070 0.010 
   40 -0.018 -0.019 0.129 -0.021 0.033 0.012 

0.15 0.5 20 20 -0.011 -0.093 0.129 -0.198 0.111 -0.002 
   40 0.010 -0.100 0.022 -0.174 0.083 -0.010 
  40 20 0.059 -0.050 0.095 -0.082 0.032 0.023 
   40 0.054 -0.077 0.065 -0.091 0.059 -0.014 
  80 20 0.035 -0.032 0.049 -0.040 0.034 0.003 
   40 0.061 -0.008 0.080 -0.008 -0.022 -0.002 
 0.8 20 20 -0.060 -0.116 0.020 -0.189 0.085 -0.031 
   40 -0.054 -0.069 0.044 -0.085 0.027 -0.028 
  40 20 0.015 -0.007 0.033 -0.096 0.098 0.039 
   40 0.013 < .001 0.020 -0.084 0.057 0.022 
  80 20 -0.043 -0.051 0.031 -0.032 -0.003 -0.029 
   40 -0.019 -0.023 0.031 -0.021 -0.017 0.023 

Note. MMM = conventional multilevel mediation model. Highlighted values indicate 
substantial relative standard error (Hoogland & Boomsma, 1998).  
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Table 19. Relative Standard Error Estimation Bias for the a, b and ab Parameters for 
the a = b = 0.3 Conditions by Model and Condition 

 Parameter 
Condition a b ab 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 -0.071 -0.179 0.351 0.010 0.241 -0.031 
   40 -0.068 -0.158 0.080 -0.160 0.057 -0.111 
  40 20 0.061 -0.098 0.343 -0.082 0.391 -0.037 
   40 0.025 -0.104 0.116 -0.099 0.050 -0.093 
  80 20 -0.037 -0.039 0.127 -0.075 0.096 -0.054 
   40 -0.041 -0.068 -0.014 -0.050 -0.039 -0.069 
 0.8 20 20 -0.117 -0.165 0.227 -0.001 0.145 -0.003 
   40 -0.121 -0.164 0.040 -0.152 0.091 -0.074 
  40 20 0.089 -0.072 0.313 -0.082 0.231 -0.084 
   40 -0.098 0.080 -0.004 -0.094 -0.008 0.067 
  80 20 -0.005 -0.021 0.100 -0.048 0.059 -0.069 
   40 -0.040 -0.050 0.071 0.013 0.060 0.014 

0.15 0.5 20 20 0.020 -0.148 0.056 -0.176 0.009 0.110 
   40 -0.089 -0.113 0.166 -0.162 0.235 -0.096 
  40 20 0.002 -0.092 0.050 -0.091 -0.031 -0.092 
   40 0.013 -0.098 -0.007 -0.113 0.055 -0.093 
  80 20 -0.016 -0.089 0.046 -0.044 -0.023 -0.047 
   40 0.006 -0.043 0.087 < .001 0.041 0.009 
 0.8 20 20 0.091 -0.145 0.128 -0.15 0.100 0.044 
   40 -0.124 -0.161 -0.083 -0.164 -0.095 -0.142 
  40 20 -0.096 -0.112 -0.012 -0.088 -0.055 -0.080 
   40 -0.076 0.089 0.003 -0.068 -0.038 -0.085 
  80 20 -0.057 -0.064 0.023 -0.009 -0.024 -0.041 
   40 0.022 -0.039 0.025 -0.056 0.014 -0.024 

Note. MMM = conventional multilevel mediation model. Highlighted values indicate 
substantial relative standard error (Hoogland & Boomsma, 1998).  
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Table 20. Relative Standard Error Estimation Bias for the a, b and ab Parameters for 
the a = 0.1 with b = 0.9 Conditions by Model and Condition 

 Parameter 
Condition a b ab 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 0.003 -0.162 0.613 0.308 0.260 -0.049 
   40 0.008 -0.107 0.565 0.107 0.104 -0.084 
  40 20 0.108 -0.072 0.685 0.023 0.329 -0.041 
   40 0.070 -0.050 0.275 -0.051 0.099 -0.049 
  80 20 0.061 -0.020 0.268 -0.047 0.040 -0.023 
   40 -0.007 -0.034 0.029 -0.023 -0.024 -0.023 
 0.8 20 20 -0.057 -0.140 0.630 0.485 0.144 0.022 
   40 -0.073 -0.104 0.527 0.219 0.033 -0.083 
  40 20 0.141 -0.040 0.628 0.159 0.123 -0.016 
   40 0.044 -0.014 0.171 0.174 0.087 0.025 
  80 20 -0.026 -0.029 0.236 0.244 0.008 -0.024 
   40 -0.029 -0.034 0.039 0.052 -0.019 -0.023 

0.15 0.5 20 20 -0.028 -0.127 0.209 -0.115 0.028 -0.102 
   40 0.024 -0.101 0.173 -0.156 0.027 -0.077 
  40 20 0.033 -0.066 0.085 -0.059 0.020 -0.065 
   40 0.029 -0.055 0.022 -0.102 0.016 0.047 
  80 20 0.044 -0.003 0.007 -0.013 0.023 -0.012 
   40 -0.013 -0.050 -0.014 -0.042 -0.057 -0.055 
 0.8 20 20 -0.034 -0.075 0.094 -0.051 0.030 -0.054 
   40 -0.019 -0.066 -0.068 -0.075 -0.033 -0.062 
  40 20 -0.059 -0.073 -0.073 -0.047 -0.047 -0.063 
   40 0.010 -0.006 -0.054 -0.051 < .001 -0.007 
  80 20 -0.024 -0.031 -0.028 -0.042 -0.025 -0.027 
   40 -0.037 -0.043 -0.016 -0.029 -0.034 -0.039 

Note. MMM = conventional multilevel mediation model. Highlighted values indicate 
substantial relative standard error (Hoogland & Boomsma, 1998).   
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Table 21. Relative Standard Error Estimation Bias for the a, b and ab Parameters for 
the a = 0.9 with b = 0.1 Conditions by Model and Condition 

 Parameter 
Condition a b ab 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 0.046 -0.243 0.791 -0.046 0.902 -0.074 
   40 -0.164 -0.263 0.518 -0.169 0.596 -0.190 
  40 20 -0.142 -0.192 0.628 -0.120 0.601 -0.136 
   40 -0.177 -0.180 0.604 -0.109 0.632 -0.127 
  80 20 -0.106 -0.145 0.628 -0.058 0.639 -0.066 
   40 -0.135 -0.145 0.544 -0.016 0.567 -0.014 
 0.8 20 20 -0.238 -0.302 0.286 -0.012 0.289 -0.027 
   40 -0.227 -0.326 0.165 -0.159 0.173 -0.171 
  40 20 0.011 -0.247 0.252 -0.107 0.249 -0.113 
   40 -0.130 -0.325 0.086 -0.085 0.083 -0.090 
  80 20 -0.118 -0.216 0.050 -0.055 0.044 -0.060 
   40 -0.147 -0.215 -0.025 -0.028 -0.028 -0.029 

0.15 0.5 20 20 -0.157 -0.238 0.505 -0.204 0.566 -0.222 
   40 -0.181 -0.255 0.488 -0.168 0.563 -0.186 
  40 20 -0.175 -0.180 0.631 -0.114 0.660 -0.125 
   40 -0.140 -0.166 0.657 -0.078 0.683 -0.090 
  80 20 -0.137 -0.169 0.646 0.012 0.666 -0.012 
   40 -0.049 -0.096 0.530 -0.061 0.533 -0.073 
 0.8 20 20 -0.211 -0.301 0.179 -0.170 0.196 -0.179 
   40 -0.269 -0.328 0.171 -0.170 0.201 -0.182 
  40 20 -0.175 -0.264 0.020 -0.111 0.012 -0.120 
   40 -0.123 -0.242 0.004 -0.084 -0.004 -0.095 
  80 20 -0.132 -0.212 -0.029 -0.055 -0.035 -0.058 
   40 -0.114 -0.196 -0.071 -0.076 -0.079 -0.080 

Note. MMM = conventional multilevel mediation model. Highlighted values indicate 
substantial relative standard error (Hoogland & Boomsma, 1998).   
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 The a parameter. Hoogland and Boomsma (1998) recommended interpreting 

relative standard error (SE) bias as substantial given values of 0.1 or larger when the 

corresponding relative parameter bias is also greater than 0.05 in magnitude. 

However, most methodological researchers tend to analyze the magnitude of the SE 

bias without consideration of its corresponding relative parameter bias, so in the 

current study, the SE bias was considered as substantially biased when the magnitude 

of the SE bias exceeded 0.1, regardless of the magnitude of its corresponding relative 

parameter bias. Using this criterion, most of the relative standard error bias for the a 

parameter were not substantial under both the MLSEM and the traditional MMM 

when the true values of a and b were not 0.9 and 0.1, respectively. There were only a 

few exceptions. The relative SE bias of the parameter a under the MLSEM was not 

substantial across the ICCρ = 0.15 conditions, except with two conditions where s
miλ = 

0.8, and G = 20 with jn = 40 for a = b = 0 and a = b = 0.3. Substantial bias with the 

MLSEM SE estimates of a was detected in thirteen conditions when ICCρ = 0.05, and 

all of these thirteen conditions were associated with small total sample size (i.e., N = 

400 or 800). Under the traditional MMM, the substantial relative SE bias of parameter 

a was found mostly (in 24 out of 27 conditions) when the number of clusters was 

small (i.e., G = 20) across all conditions. There were only three conditions where the 

MMM's SE estimates were substantially biased and the number of clusters were not 

20. All of the substantial SE bias for a was negative under the conventional MMM.  
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 Under both the MLSEM and the MMM, substantial SE bias for a was detected 

when the true values of a and b was 0.9 and 0.1, respectively. The three exceptions 

were when ICCρ = 0.05, =s
miλ  0.8, G = 40 and =jn  20 for the MLSEM's SE 

estimates for a, and when ICCρ = 0.15, =s
miλ  0.5, G = 80 and =jn  40 for both the 

MLSEM's and MMM's SE estimates for a . All the substantial biased SE estimates for 

a under both the MMM and MLSEM were negatively biased (see Table 21). 

 The b parameter. Except for the last combination of the true values of a and b 

where a = 0.9 and b = 0.1 (see Table 21), the majority of the relative standard error 

bias for the b parameter was not substantial under the MLSEM, across different 

values of b. Under the MLSEM, all relative standard error bias for the b parameter 

was not substantial when ICCρ = 0.15 paired with =s
miλ  0.8, except in one condition. 

In conditions associated with large amount of measurement error when ICCρ = 0.15, 

the relative SE bias of b under the MLSEM was not substantial if the total sample size 

was greater than 800 and the within cluster-sample size was 40. Substantial bias in 

the MLSEM's SE estimates for b was usually detected in the small intraclass 

correlation ( ICCρ = 0.05) conditions when paired with the smaller total sample size 

(N was less than 1,600). When the small intraclass correlation was paired with the 

small measurement error, all the MLSEM's SE estimates for b was substantially 

biased when 20=jn , and the magnitude of the bias decreased as the number of 

clusters, G, increased. In addition, the magnitude of the substantial SE bias for b 
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decreased as the sample sizes, including both the number of clusters (G) and the 

within-cluster sample size ( jn ) increased. All the substantial MLSEM's SE bias for b 

was positive, except in two conditions in which some negative bias was found. Under 

the conditions in which a = 0.9 with b = 0.1, most of the relative SE bias for b under 

the MLSEM was substantially positive. Insubstantial SE bias was found when the 

measurement error was small and the total sample size was large (N = 1,600 or 3,200).   

 Under the traditional MMM, substantial SE bias for b was detected when the 

small number of clusters (G = 20) was paired with the large within-cluster sample 

size ( jn =  40) across all conditions, except when the true value of b was not zero, the 

intraclass correlation was high and the measurement error was low. In addition, when 

the total sample size was small (N = 400) and both the intraclass correlation and the 

measurement error were high, the MMM's SE bias for b was substantial. Substantial 

SE bias was also noticed in other conditions when the number of clusters was not 

large. The direction of the bias was negative for the relative standard error bias of b 

found with the traditional MMM across all conditions, except that substantial positive 

bias was detected in several conditions when a = 0.1 with b = 0.9, 05.0=ICCρ . 

Overall less SE bias was found with the MMM as compared with the MLSEM 

estimates.   

 The ab parameter. When a = b = 0, most of the relative SE bias for the ab 

parameter were substantial under both the MLSEM and the MMM with worse 

positive bias found for the MLSEM estimates. The average magnitudes of the SE 
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biases under the MLSEM was 0.423 as compared to 0.215 under the MMM. 

Insubstantial SE bias for ab was detected under a subset of conditions in which the 

larger intraclass correlation was paired with more measurement error for G = 20 and 

for G = 40 with jn = 40, and when the larger intraclass correlation was paired with 

less measurement error for G = 20 with jn = 40 under the MLSEM. This was true 

under the MMM with the following additional condition ( ICCρ = 0.15, =s
miλ  0.8, G 

= 20 with jn = 20) (see Table 16). 

 The substantial SE bias for ab under the MLSEM showed a similar pattern for 

the conditions of a = 0.3 with b = 0, a = 0 with b = 0.3, a = b = 0.3 and a = 0.1 with b 

= 0.9 (see Tables 17 through 20). Substantial bias was not detected for the subset of 

conditions in which the intraclass correlation was large and the total sample size was 

greater than 400. Substantial bias was also not detected when the intraclass 

correlation was small but the number of clusters was as large as 80. The MMM's SE 

estimates for ab showed a similar pattern for the previously mentioned four 

combinations of true values of a and b such that the substantial bias was only detected 

when the total sample size was small (N = 400 or N = 800). The only exception (out 

of those eight conditions) was in the a = 0.3 with b = 0 conditions (see Table 17) 

when ICCρ = 0.15, =s
miλ  0.5, G = 80 with jn = 40.  

For the last combination of true values of a and b (i.e., for a = 0.9 and b = 0.1 

conditions; see Table 21), the relative SE bias of ab under the MLSEM was 
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insubstantial only in conditions with less measurement error ( =s
miλ  0.8) and large 

total sample sizes (N = 1,600 or 3,200). The magnitude of the substantial MLSEM's 

SE bias for ab did not decrease as the total sample size increased in conditions with 

more measurement error. However, the bias did decrease in conditions with larger 

total sample sizes when there was less measurement error for both values of the 

intraclass correlation (see Table 21). In addition, the degree of the measurement error 

had an impact on the magnitude of the substantial SE bias found for MLSEM 

estimates of ab. When there was less measurement error, the average magnitude of 

the substantial SE bias was 0.634, as compared to 0.222 when there was more 

measurement error. The relative SE bias of ab under the MMM was less than that 

found under the MLSEM. The MMM's SE bias was insubstantially biased when the 

total sample size was 1,600 or 3200.  

Last, the direction of the substantial bias was positive for the relative standard 

error bias in the MLSEM estimates of ab. The MMM's SE bias was positive when the 

true values of a and b were both zero and was mostly negative otherwise. There were 

fewer conditions in which substantial SE bias was found for the MMM estimates than 

for the MLSEM estimates when the true values of a and b were not both zero (17 

versus 47, respectively). The average magnitude of the substantial MLSEM’s SE bias 

for ab, across all the conditions in which either or both of a  and b were not zero, was 

0.337 in the direction of overestimation, and the average magnitude of the substantial 

MMM’s SE bias for ab was 0.138 in the direction of underestimation. When the true 
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values of a and b were both zero, substantial bias was found in almost the same 

number of conditions (19 for MLSEM and 18 for the MMM SE estimates). However, 

the mean magnitude of the SE bias under the MLSEM was greater than that under the 

MMM (0.285 versus 0.166, respectively).    

Performance of the Empirical-M Test  

 Tables 22 through 27 summarize the performance of the Empirical-M test 

using PRODCLIN (MacKinnon et al., 2007) by reporting the proportion of 

replications for which the confidence interval estimates of ab did not contain the 

value of zero for each combination of the true values of a and b. 
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Table 22. Percent of Replications in which Zero is Below the Lower Confidence Limit 
and Above the Upper Confidence Limit for the a = b = 0 Conditions by Condition and 
Model 

Condition Zero <  LCL Zero > UCL 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 1.0 0.3 4.7 1.8 
   40 0.3 1.2 8.2 0.8 
  40 20 0.5 0.5 8.7 0.1 
   40 0.9 0.5 3.9 0.4 
  80 20 0.1 0.0 0.5 0.5 
   40 0.4 0.3 1.7 0.2 
 0.8 20 20 0.8 1.1 0.6 0.8 
   40 0.9 0.8 8.6 0.9 
  40 20 0.5 0.4 4.8 0.2 
   40 0.8 0.7 7.2 0.3 
  80 20 0.0 0.2 1.8 0.4 
   40 0.5 0.5 0.0 0.2 

0.15 0.5 20 20 1.0 0.8 5.5 0.9 
   40 1.0 1.1 2.5 0.2 
  40 20 0.1 0.3 0.7 0.4 
   40 0.4 0.6 0.8 0.8 
  80 20 0.1 0.0 0.0 0.2 
   40 0.7 0.5 0.1 0.0 
 0.8 20 20 1.0 1.1 2.0 1.1 
   40 0.9 0.7 3.8 0.7 
  40 20 0.2 0.4 0.3 0.8 
   40 0.3 0.3 0.1 0.2 
  80 20 0.1 0.1 0.1 0.1 
   40 0.2 0.2 0.1 0.1 

Note. LCL = lower confidence interval limit. UCL = upper confidence interval limit. 
Highlighted values are considered liberal under Bradley's (1978) criterion.  
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Table 23. Percent of Replications in which Zero is Below the Lower Confidence Limit 
and Above the Upper Confidence Limit for the a = 0.3 with b = 0 Conditions by 
Condition and Model 

Condition Zero <  LCL Zero > UCL 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 2.0 3.7 1.6 5.4 
   40 1.4 1.5 9.4 2.0 
  40 20 1.8 1.9 8.2 1.6 
   40 0.6 0.6 4.3 1.0 
  80 20 1.5 2.1 2.9 1.3 
   40 1.1 1.8 1.8 1.3 
 0.8 20 20 0.4 4.4 5.3 5.5 
   40 2.7 2.7 11.2 2.2 
  40 20 1.8 1.5 8.1 2.2 
   40 2.7 1.9 10.9 1.9 
  80 20 2.0 2.4 3.0 2.2 
   40 3.1 2.8 3.7 1.7 

0.15 0.5 20 20 2.7 2.0 5.1 0.8 
   40 1.8 2.0 4.6 2.3 
  40 20 1.2 1.3 2.1 0.5 
   40 1.4 2.0 1.4 0.8 
  80 20 1.3 1.1 0.5 1.4 
   40 1.0 1.3 0.5 0.7 
 0.8 20 20 2.5 2.0 3.3 2.3 
   40 1.9 1.6 2.6 1.4 
  40 20 2.2 2.1 1.8 1.7 
   40 1.7 1.9 0.5 1.2 
  80 20 2.6 3.0 2.0 2.3 
   40 2.4 3.4 0.0 2.3 

Note. LCL = lower confidence interval limit. UCL = upper confidence interval limit. 
Highlighted values are considered liberal under Bradley's (1978) criterion.  
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Table 24. Percent of Replications in which Zero is Below the Lower Confidence Limit 
and Above the Upper Confidence Limit for the a = 0 with b = 0.3 Conditions by 
Condition and Model 

Condition Zero <  LCL Zero > UCL 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 1.7 1.3 5.9 2.6 
   40 1.3 1.3 8.2 1.9 
  40 20 1.2 0.7 8.3 0.5 
   40 0.6 0.9 4.3 0.6 
  80 20 1.0 1.1 3.6 1.2 
   40 0.6 1.3 2.2 1.2 
 0.8 20 20 0.9 1.6 4.7 3.3 
   40 1.3 1.4 6.9 1.1 
  40 20 0.7 0.8 7.0 1.1 
   40 0.5 0.9 4.5 1.3 
  80 20 1.0 1.5 2.3 1.3 
   40 0.0 1.4 0.2 1.1 

0.15 0.5 20 20 0.0 1.7 0.5 2.4 
   40 0.0 2.2 0.6 1.4 
  40 20 0.0 0.8 0.1 1.4 
   40 0.1 0.9 0.1 1.6 
  80 20 0.0 1.3 0.0 1.5 
   40 0.0 1.7 0.1 1.7 
 0.8 20 20 0.2 1.5 0.4 1.5 
   40 0.0 1.9 0.0 2.3 
  40 20 0.3 1.5 0.1 1.5 
   40 0.3 1.5 0.0 1.5 
  80 20 0.0 2.0 0.1 1.8 
   40 0.1 2.3 0.2 2.5 

Note. LCL = lower confidence interval limit. UCL = upper confidence interval limit. 
Highlighted values are considered liberal under Bradley's (1978) criterion. 
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Table 25. Percent of Replications in which Zero is Below the Lower Confidence Limit 
and Above the Upper Confidence Limit for the a = b = 0.3 Conditions by Condition 
and Model 

Condition Zero <  LCL Zero > UCL 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 5.4 7.6 4.6 2.0 
   40 7.3 8.9 5.5 1.1 
  40 20 10.3 13.8 3.1 0.4 
   40 14.4 18.1 1.7 0.0 
  80 20 22.4 26.7 1.1 0.3 
   40 32.6 36.5 0.2 0.0 
 0.8 20 20 5.5 8.3 2.2 2.1 
   40 6.8 9.8 2.5 0.5 
  40 20 10.9 14.7 3.5 1.0 
   40 15.7 17.2 3.0 0.2 
  80 20 26.7 34.5 0.6 0.0 
   40 35.6 38.9 0.3 0.0 

0.15 0.5 20 20 4.8 7.3 8.0 0.9 
   40 4.7 8.2 5.5 0.7 
  40 20 8.8 11.4 0.7 0.2 
   40 9.9 13.0 1.8 0.2 
  80 20 18.7 21.7 0.1 0.1 
   40 18.5 24.3 0.1 0.0 
 0.8 20 20 6.0 6.7 5.9 0.4 
   40 11.2 12.7 0.6 0.8 
  40 20 17.2 19.1 0.2 0.2 
   40 19.7 22.2 0.1 0.1 
  80 20 20.4 21.3 0.1 0.2 
   40 22.6 26.9 0.1 0.1 

Note. LCL = lower confidence interval limit. UCL = upper confidence interval limit.  
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Table 26. Percent of Replications in which Zero is Below the Lower Confidence Limit 
and Above the Upper Confidence Limit for the a = 0.1 with b = 0.9 Conditions by 
Condition and Model 

Condition Zero <  LCL Zero > UCL 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 4.2 7.4 6.3 7.1 
   40 8.0 15.9 6.9 3.8 
  40 20 5.7 10.7 7.0 3.0 
   40 9.2 11.4 3.4 1.8 
  80 20 11.7 12.2 1.6 1.5 
   40 13.8 14.4 1.2 0.8 
 0.8 20 20 7.9 10.3 4.1 4.0 
   40 10.9 12.9 3.0 5.3 
  40 20 11.4 13.2 2.9 4.6 
   40 13.0 13.4 2.1 2.5 
  80 20 14.4 14.3 0.4 1.6 
   40 16.7 17.2 0.3 0.2 

0.15 0.5 20 20 4.8 8.8 7.5 4.2 
   40 7.5 10.4 6.4 4.8 
  40 20 9.4 11.3 2.0 1.2 
   40 9.3 10.5 2.2 1.6 
  80 20 13.8 16.2 0.1 0.3 
   40 12.8 13.5 0.8 0.9 
 0.8 20 20 14.0 18.7 3.1 5.1 
   40 15.1 16.2 3.6 3.9 
  40 20 12.8 12.2 1.6 1.6 
   40 13.4 14.2 1.5 0.9 
  80 20 15.0 15.5 0.4 3.5 
   40 15.4 16.0 0.2 0.2 

Note. LCL = lower confidence interval limit. UCL = upper confidence interval limit.  
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Table 27. Percent of Replications in which Zero is Below the Lower Confidence Limit 
and Above the Upper Confidence Limit for the a = 0.9 with b = 0.1 Condition by 
Condition and Model 

Condition Zero <  LCL Zero > UCL 

ρICC 
S
miλ  G nj MLSEM MMM MLSEM MMM 

0.05 0.5 20 20 1.9 5.6 3 5.9 
   40 2.4 7.3 3.1 5.1 
  40 20 1.4 6.7 1.5 4.1 
   40 1.8 7 0.6 2.7 
  80 20 0.9 4.8 0.6 2.3 
   40 1.7 7 0.5 1 
 0.8 20 20 3.9 7.7 3.9 4.5 
   40 7.4 9.8 4.3 5.6 
  40 20 5.2 6.3 2.1 3.7 
   40 7.2 7.2 1 2.6 
  80 20 4.7 6.8 1 2 
   40 7.5 6.4 1.2 1.4 

0.15 0.5 20 20 3.6 8.3 1.3 6.9 
   40 2.8 8.8 2.8 5.8 
  40 20 1.7 7.7 0.6 4.6 
   40 1.9 6.4 8 3.3 
  80 20 1.3 5 0.2 1.6 
   40 0.7 5.1 0.3 3.2 
 0.8 20 20 6.4 9.2 4.4 6.2 
   40 6.9 9.5 3 5.1 
  40 20 3.8 7.4 2.6 4.1 
   40 5.4 7.5 1.8 2.9 
  80 20 4.2 6 1.6 1.7 
   40 6.2 7.7 1.6 2.2 

Note. LCL = lower confidence interval limit. UCL = upper confidence interval limit.  
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As mentioned earlier, Bradley’s (1978) robustness criteria was used when the 

Type I error rate was assessed. Under these criteria, a confidence interval estimate is 

considered overly conservative if the proportion of replications in which the true 

parameter (here, the mediated effect) lies outside of the confidence interval’s upper 

and lower limits less than 1.25% for each limit. Similarly, a confidence interval 

estimator would be considered overly liberal if the true parameter lay beyond each 

limit for 3.75% or more of the replications. Liberal values are highlighted in Tables 

22 through 24. Conservative values were not highlighted.  

When both a and b were zero (see Table 22), the percentage of replications in 

which zero was below the lower 95% confidence interval limit was always 

conservative across conditions for both the MLSEM and MMM estimates. The results 

for the proportions of replications in which the upper confidence interval limit were 

below zero looked somewhat different. For all but one condition, the MMM 

proportions were conservative (see Table 22). For the MLSEM estimates, the 

proportions of replications whose upper limit fell below the true value of zero could 

also be considered conservative in conditions when the larger intraclass correlation 

value was paired with the moderate or large number of clusters (G = 40 or 80). 

However, most of the MLSEM proportions associated with the ρICC = 0.05 conditions 

were slightly too liberal (see Table 2).  

In the a = 0.3 and b = 0 conditions, the MLSEM confidence interval estimates 

performed better. In only a small subset of conditions, the proportions of replications 
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in which the lower limit fell above a value of zero could be considered conservative 

(see Table 23). However, the percent of replications in which the upper limit fell 

below zero could again be considered liberal for conditions in which ρICC was 0.05. 

The MMM confidence interval estimates also performed best for the a = 0.3 and b = 0 

conditions. In a small subset of conditions the confidence intervals were overly 

conservative and in only two conditions the MMM confidence intervals were even 

too liberal.  

A similar pattern of results was found for MLSEM estimates when the true 

value of a was zero and b was 0.3 (see Table 24) as compared with results when a = 0 

and b = 0 (see Table 22). In this subset of conditions again conservative rates at 

which zero was above the upper 95% confidence interval limit were found for 

MLSEM estimates in conditions with the larger intraclass correlation value and 

liberal results were found for the smaller ρICC conditions. And again, the proportion 

of replications in which the MLSEM lower confidence interval limit fell above the 

true value of zero was consistently conservative when a = 0 and b = 0.3. For the a = 0 

and b = 0.3 conditions, none of the MMM rates could be considered overly liberal 

although there were some overly proportions of replications in which the true zero 

value was not in the confidence intervals estimated. More specifically, in most of the 

conditions involving the small intraclass correlation value being paired with more 

measurement error the upper confidence interval fell below zero for a conservative 

proportion of replications. There were a few proportions of replications in which the 
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lower limit fell above zero for the MMM estimates and these mostly occurred for 

conditions in which G was 40 (see Table 24).  

For both the MLSEM and the MMM, when the true ab was zero then the 

proportion of replications summarized in Tables 22 through 24 could be interpreted as 

the Type I error rate for a two-tailed test of the mediated effect. Averaging across all 

conditions in which the true ab value was zero, the average Type I error rates for the 

MLSEM and the conventional MMM estimates were 0.040 and 0.027, respectively. 

Thus, overall the confidence interval estimator using the Empirical-M test seemed to 

provide a more accurate Type I error rate under the MLSEM. When both a and b 

were zero, the MMM produced the lowest average Type I error rate, while when one 

of the parameters was not zero, higher Type I error rate under the MMM was detected. 

Table 28 below summarizes the percent of replications in which zero is below the 

lower confidence limit and above the upper confidence limit, and the Type I error 

rates by each combinations of the true values of a and b under both the MLSEM and 

the MMM. 
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Table 28. Percent of Replications in which Zero is Below the Lower Confidence Limit 

and Above the Upper Confidence Limit and Empirical Type I Error Rates under the 

MLSEM and the Conventional MMM by the True Values of a and b 

 LCL > 0 UCL < 0 Type I Error Rate 

Condition MLSEM MMM MLSEM MMM MLSEM MMM 

a = b = 0 0.529 0.525 2.779 0.504 3.308% 1.029% 

a = 0.3, b = 0 1.825 2.125 3.950 1.917 5.775% 4.042% 

a = 0, b = 0.3 0.492 1.396 2.513 1.596 4.029% 2.688% 

Note. MMM = Multilevel mediation model. LCL = lower confidence interval limit. 
UCL = upper confidence interval limit.  
  

Tables 25 through 27 present the percentages of replications in which zero 

was (correctly) below the lower 95% confidence interval limit and above the upper  

95% confidence interval limit. An estimate of a parameter can be considered to be 

statistically significant when its associated confidence interval does not contain zero. 

Therefore, when the true ab value was not zero, then the proportion of replications for 

which the resulting confidence interval limits did not include zero could be 

interpreted as the statistical (two-tailed) power of the confidence interval estimator 

(see Tables 25 through 27). The power of the confidence interval estimator associated 

with the Empirical-M test under both the MLSEM and the conventional MMM is 

summarized in Table 29 for different combinations of the true values of a and b.  
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Table 29. Percent of Replications in which Zero is Below the Lower Confidence Limit 

and Above the Upper Confidence Limit and Empirical Power under the MLSEM and 

the Conventional MMM by the True Values of a and b 

 LCL > 0 UCL < 0 Empirical power 

Condition MLSEM MMM MLSEM MMM MLSEM MMM 

a = b = 0.3 14.838 17.908 2.146 0.479 16.983 18.388 

a = 0.1, b = 0.9 11.258 13.200 2.858 2.683 14.117 15.883 

a = 0.9, b = 0.1 3.788 7.133 2.125 3.688 5.913 10.821 

Note. MMM = Multilevel mediation model. LCL = lower confidence interval limit. 
UCL = upper confidence interval limit.  

 

The empirical power of the confidence interval estimator associated with the 

Empirical-M test under the MLSEM was slightly lower than the power using the 

conventional MMM, with the average power across these 72 manipulated ab ≠ 0 

conditions being 12.338% as compared to 15.031% under the MMM. In general, 

power was found to increase as the sample sizes increased. In addition, the percentage 

of replications in which zero was below the lower confidence interval limit was found 

to increase as the total sample size increased under both the MLSEM and the MMM. 

The percentage of replications in which zero was above the upper confidence interval 

limit tended to decrease as the total sample size increased.  Table 30 summarizes the 

power of the confidence interval estimator associated with the Empirical-M test under 

both the MLSEM and the conventional MMM for different values of the total sample 

size, N.  
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Table 30. Percent of Replications in which Zero is Below the Lower Confidence Limit 

and Above the Upper Confidence Limit and Empirical Power under the MLSEM and 

the Conventional MMM by Total Sample Size 

 LCL > 0 UCL < 0 Empirical power 

Condition MLSEM MMM MLSEM MMM MLSEM MMM 

N = 400 5.700 8.825 4.525 4.108 10.225 12.933 

N = 800 7.900 11.038 3.125 2.967 11.025 14.004 

N = 1,600 11.463 13.879 1.458 1.413 12.921 15.292 

N = 3,200 15.342 17.825 0.567 0.833 15.908 18.658 

Note. MMM = Multilevel mediation model. LCL = lower confidence interval limit. 

UCL = upper confidence interval limit.  
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Chapter 5: Discussion 

 There are three sections in this chapter. The first section summarizes the 

results from the simulation study and discusses these findings. The second section 

describes the limitations of the current study and makes suggestions for possible 

future research. The last section summarizes the conclusions of the study. 

Summary of the Results and Discussions 

 The current simulation study was designed to assess the use of the MLSEM 

framework for assessing multilevel mediated effects, especially under the upper-level 

mediation model (i.e., the 122 →→  model) mimicking a cluster randomized trial 

with level two units randomly assigned to intervention. This study compared recovery 

of the a, b and ab parameters under the MLSEM versus the MMM. The study also 

assessed the performance of confidence interval estimates of the mediated effect 

using the Empirical-M test and associated PRODCLIN software (MacKinnon, et al., 

2007) for both the MLSEM and MMM estimates. In total, there were 144 

manipulated conditions, consisted of six combinations of true a and b values, two 

levels of measurement error in the mediating variable and different combinations of 

level two and level one sample sizes.  

 Before discussing this study’s findings, this section will describe expected 

sources of differences between the use of the MLSEM versus the MMM for modeling 

multilevel mediation effects. When using the MLSEM to assess a multilevel 

mediation model, the mediated effect of X on the latent variable Y through the latent 

variable M is modeled. When using the MMM, however, the mediated effect of X on 
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the observed variable Y through the observed variable M is modeled. If Y and M are 

perfectly reliable, then the mediated effect estimated using the MLSEM versus the 

MMM is expected to be the same. However, if either or both of Y and M are not 

perfectly reliable, then the MLSEM and MMM mediated effect estimates are not 

expected to be the same. In fact, the MLSEM estimates of ab would be assumed to be 

more accurate given the model’s parameter estimates are well recovered. In addition, 

the less reliable the Y and M scores, then the more accurate the MLSEM estimates 

should be as compared with the MMM estimates. However, the caution associated 

with this expectation is that more parameters are estimated as part of the MLSEM 

versus the MMM model and thus it is also expected that larger sample sizes are 

required for MLSEM model parameters to be accurately recovered. 

Bollen and Lennox (1991) illustrated how an observed composite score 

variable calculated as the sum or mean of a latent variable’s indicators would differ 

from the latent variable with individual indicators. Their illustration will be used here 

to explain further the expectation that measurement error will hamper recovery of the 

a and b and thus the ab effects under the MMM versus the MLSEM. In the current 

study, both the latent mediating and the outcome variables at the cluster level, M and 

BY , are measured by four respective indicators, 1m  through 4m  and 1y  through 4y , 

respectively. To simplify this first study of the use of the MLSEM model as a 

multilevel mediation model, the loadings, mλ , of the ms on the M were generated to 

be equal across the four indicators, and similarly for the loadings, yλ , of the ys on the 
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BY . Because the loadings were generated to be the same for each of the M and BY  

factors, the measurement errors of each of the two factor’s four indicators were also 

the same, denoted here by mε  and yε  for M and Y, respectively. The measurement 

model (see Equation 25) can be written as follows: 
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The composite score for M, termed MC here, used as the mediating variable in the 

MMM was calculated as the mean of the four indicators of M, such that 
4

4

1
∑
== i

i

M

m
C . 

Similarly, a composite score for BY was used as the MMM model’s outcome and will 

be denoted here as 
BYC and was calculated as the mean of the four indicators of BY  

such that 
4

4

1
∑
== i

i

Y

y
C

B
.  

Based on Equation 40 and on Bollen and Lennox’s work (1991), the relation 

between the composite scores (i.e., MC  and 
BYC ) and the latent variables M and BY , 

respectively, can be expressed as: 
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where λ is the factor loading for each indicator and ε is the corresponding 

measurement error. Thus, clearly the observed variables created as the composite 

scores MC  and 
BYC  differ from their respective latent variable scores, M and BY  as a 

function of the indicators’ loadings (and thus their measurement error). In addition, 

the composite scores only equal the factor scores when the factor’s standardized 

loadings equal one and thus when the measurement error for each indicator is zero.  

Solving Equation 41 for the latent variables M and BY , we obtain 
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Remember that the structural model (see Equation 26) for the latent variables in the 

MLSEM model can be written as follows: 
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Substituting Equation 42 into the left-hand side of Equation 43, and solving for the 

vector of composite scores, we see that now 
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Solving Equations 43 for a and b, we obtain the following results for a and b as a 

function of the latent variables M and YB: 
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Solving Equation 44 for a and b as a function of the composite scores, MC and 
BYC , 

we obtain the following:  
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where *a is used to represent the path between X and the composite variable and *b

represents the path between  MC and 
BYC .  

Comparing a and *a in Equations 45 and 46, it is obvious that *a  will be 

smaller than a if the standardized loading, mλ , is less than one and the measurement 

error, mε  is larger than zero. With more measurement error, the loading will be 

smaller and thus *a  will be comparatively less than a. However, it is unclear from 

Equations 45 and 46 whether *b  will be less than b or not when M and YB are not 

perfectly reliable. If the parameter c′  were underestimated in the model by a certain 

amount, then *b  even might be more than b. If the parameter c′  were correctly 
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estimated in the model, then *b  will also be less than b when M and YB are not 

perfectly reliable. In addition, the factor 
y

m
λ

λ  explains why the worse the 

measurement error in M, the worse the negative bias. Thus, given what was derived in 

Equations 45 versus 46, underestimation of a and of b and thus of the ab effect is 

expected under the MMM (Hoyle & Kenny, 1999) when imperfectly reliable 

composite M and Y variables are included in the model, provided that the parameter 

c′  is correctly estimated. However, no previous methodological research on single- 

and multi-level mediation models has investigated nor empirically assessed the 

degree of under-estimation that could occur. Instead, previous research has involved 

use of manifest variables and models that assume that all the variables, including the 

independent, the mediating and the outcome variables are perfectly reliable. In the 

current study, measurement error was included when generating the mediating and 

outcome variables, and the level of the measurement error in the mediating variable, 

M, was manipulated. Last, while the MLSEM estimates are expected to better recover 

the true ab effect, it is unclear what sort of minimum sample sizes are required to 

provide decent estimates. 

In the sections that follow, first an overview of the convergence issues 

encountered when estimating the MLSEM model will be presented. This will be 

followed by a discussion of the results for conditions when the true value for ab was 

zero and then for the non-zero ab conditions. 
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Convergence. Most of the model solutions under the MMM converged 

without problems, however, this was not the case when estimating the MLSEM 

model. The number of non-convergent cases under the MLSEM was most affected by 

the number of clusters, G, and the value of the true intraclass correlation for 

indicators of M. In addition, controlling for total sample size, the average number of 

non-convergent cases was smaller with larger within-cluster sample size (i.e., jn = 40) 

than that with smaller within-cluster sample size (i.e., jn = 20). Thus, the total sample 

size also impacted the number of non-convergent cases such that the larger the total 

samples size the better the convergence rates.  

The large impact of the number of clusters on the number of non-convergent 

cases was not surprising and somewhat reflected findings from previous simulation 

studies assessing parameter and SE recovery for MLSEM (Hox & Maas, 2001) and 

conventional SEM models (Boomsma, 1983; Chou & Bentler, 1995; Hoogland & 

Boomsma, 1998). Boomsma (1983) found in his single-level SEM study that sample 

sizes less than 100 tended to result in more nonconvergence with ML estimation. Hox 

and Maas (2001) also found their highest proportion of inadmissible conditions (17%) 

in their smallest number of clusters condition (G = 50). Hox and Maas also had a 

similar finding in terms of the impact of ICCρ  on non-convergence.   

The high non-convergence rates provide a severe limitation for applied 

researchers who might be considering using the MLSEM to assess multilevel 

mediation effects. When applied researchers encounter non-convergence with 
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MLSEM model estimation, they are encouraged to employ conventional techniques 

to try and obtain a converged solution. For example, researchers could try using 

different starting values.  More importantly, lack of convergence seems avoidable 

given the inclusion of more clusters in datasets being analyzed. However, when it is 

impossible to collect a sufficiently large dataset then applied researchers might 

consider using the MMM although researchers should use it with care.      

 Zero mediated effect. In this sub-set of conditions, the estimates of the a and b 

parameters and of the mediated effect (ab) parameter under both the MLSEM and the 

MMM were not substantially biased. Except when both the a and b parameters were 

zero, the majority of the relative SE bias for the ab parameter was substantially 

positively biased under both models.  The positively biased MLSEM's and  MMM's 

standard error estimates for the ab parameter for this particular set of conditions led to 

the overly wide confidence intervals, and thus the liberal empirical Type I error rates 

using the Empirical-M test (see Tables 22). This finding of liberal Type I error rates is 

consistent with previous simulation studies (Mackinnon et al., 2004; Pituch et al., 

2006; Pituch et al.2005; Pituch & Stapleton, 2008) conducted for estimates of the ab 

effect using the MMM. 

 One important finding to emphasize here is that even though the MLSEM and 

MMM estimates of the product of the a and b effects (i.e., the estimates of ab) were 

not substantially biased when the true ab value was zero, this did not mean that 

estimation of both a and b was individually unbiased. In conditions when either a or b 

was truly zero and the other parameter was not zero (i.e., when ab = 0), estimates of 
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the non-zero parameter was underestimated under the conventional MMM. The 

degree of the negative bias of the non-zero parameter was related to the degree of 

measurement error manipulated, with more bias associated with conditions where the 

mediator was measured with more measurement error.  

Under the MLSEM, the same measurement errors (in M and Y) are 

appropriately handled in the estimation of the a and b parameters. More specifically, 

measurement error is separated out from the prediction (disturbance) error in each of 

the mediating and outcome factors (M and Y). However, use of the MMM does not 

appropriately model measurement error. Instead, measurement error is combined with 

prediction error in the relevant composite M and Y score. Only when the M and Y 

variables are each perfectly reliable (in that their corresponding measurement errors 

are zero) will the prediction error in M and in Y exactly equal prediction plus 

measurement error. If prediction error is mis-specified and thus mis-estimated as it is 

under the MMM then this will lead to under estimation of the relevant paths between 

X and M and between M and Y. In other words, the underestimation of the parameters 

a and b (when their true values are not zero) is due to the unreliable measures of the 

mediating and outcome variables.  

 The majority of the relative SE bias for the mediated effect ab under the 

MMM was not substantial biased, while only for conditions of large number of 

clusters paired with large within cluster sample size the MLSEM's SE estimates for 

ab were not biased. Sobel's SE estimate (see Equation 7) appears to work better for 

the MMM SE estimates. Previous simulation research (Krull & MacKinnon, 1999; 
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2001) has also found that Sobel's SE estimate works well with MMM estimates. The 

bad performance of the Sobel's SE estimator under the MLSEM is expected. Use of 

the MLSEM requires large number of clusters and large within cluster levels sample 

sizes to ensure unbiased SE estimates (e.g., Hox & Maas, 2001; Kreft & de Leeuw, 

1998; Mass & Hox, 2005; Van der Leeden, Busing, & Meijer, 1997). And the current 

study found that some of the combinations of smaller G and jn  values did not lead to 

acceptable SE estimation. For smaller G and nj values, the SE estimates for a and b 

were biased, and these poor SE estimates for a and b are involved in the calculation of 

the SE estimates for ab (see Equation 7). Based on the findings of the current study, if 

the number of clusters is at least 40 and the within-cluster sample size is also above 

40,  the use of the MLSEM for assessing the multilevel mediated effects when either 

or both paths a and b are expected to be non-zero is recommended.    

 The Type I error rates based on use of the Empirical-M confidence interval 

estimates for the 72 manipulated conditions in ab was zero suggests that use of the 

MLSEM versus the MMM resulted in some overly liberal Type I error rates. 

However, these liberal rates were only seen in the lower ρICC conditions. Both the 

MMM and MLSEM estimates were found to be overly conservative in terms of their 

associated proportions of replications in which the lower limits were greater than zero 

with the MMM’s estimates being slightly more conservative than the MLSEM’s. This 

finding was consistent with previous conducted simulation studies. The pattern of 

liberal Type I error rate and the balanced percent of replications in which zero is 
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below the lower confidence limit and above the upper confidence limit when a = b = 

0 under the conventional MMM was observed in previous simulation studies in both 

single-level and multilevel mediation analyses (MacKinnon et al., 2002; MacKinnon 

et al., 2004; Pituch et al., 20065; Pituch et al., 2006). However, when either a or b 

was not zero, the percent of replications in which zero is below the lower confidence 

limit and above the upper confidence limit under the MMM is also balanced, and this 

was not consistent with previous mediation analyses. The possible reason for this 

would be the underestimation occurred under the MMM when either a or b was not 

zero. The underestimation of either a or b affected the value of the corresponding δ

that is used to find the critical value in the Empirical-M test.  

 Non-zero mediated effect. In this subset of conditions, the estimates of the 

parameters a and b and the mediated effect ab parameter under the MLSEM, in 

general, were not substantial biased in conditions in which both the number of 

clusters and within-cluster sample size were large. This is expected because 

estimation of the MLSEM is designed for larger sample sizes (Hox & Maas, 2001; 

Julian, 2001; Muthén, 1990; Stapleton, 2002; Ryu & West, 2009). Under the MMM, 

the estimates of the mediated effect ab were substantially negatively biased. The 

degree of this negative bias depended only on the degrees of measurement error in M 

(for conditions examined here). The finding that the degree of relative parameter bias 

for ab estimates does not depend on the number of clusters, the within-cluster sample 

size and the intraclass correlation matches findings from previous simulation studies 

(e.g., Krull & MacKinnon, 1999; Mackinnon et al., 2004; Pituch et al., 2006; Pituch 
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et al.2005) in MMM analyses with similar true values generated for the mediated 

effect.  

 The assessment of the estimation of the two components of the ab effect 

revealed that the degree of bias for the b parameter was greater than the degree of the 

bias in a. Only the unreliability of the mediator, M, is in the model for the estimation 

of the independent variable’s effect on M (i.e., for path a). However, there are two 

variables that potentially lack reliability in the model for b (which represents the 

effect of M on Y). Based on Equation 46, *a   and *b are the estimators of the a and b 

parameters when composite M and Y scores (i.e., MC  and YC , respectively) are 

included in the model (rather than their relevant latent variables). The 

underestimation of the parameter a through the MMM’s *a  is affected only by the 

unreliability in MC . However, the underestimation of the parameter b using the 

MMM’s *b  is affected by the unreliability of both the MC  and YC , and thus the 

degree of underestimation is aggravated not only by mλ  but also by yλ .      

  The overall power of the confidence interval estimator associated with the 

Empirical-M test across the 72 manipulated conditions in which the true value of ab 

was not zero suggests that use of the MLSEM versus the traditional MMM was 

associated with slightly less statistical power to find the mediated effect in the set of 

conditions examined here. Note that, the empirical power assessed in the current 

study is the percent of replications in which zero is below the lower limit and above 

the upper limit of the 95% confidence interval. This reflects a scenario in which 
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researchers use a two-tailed significance test of the mediated effect. Given that the 

true ab effect was generated to be positive, using the confidence interval estimator to 

assess the significance of ab actually divides the power into the correct identification 

of the effect and the identification of an effect with the wrong direction associated. 

The “correct identification” power is, here, the percent of replications in which zero is 

below the lower confidence interval limit, and the misleading power is then the 

percent of replications in which zero is above the upper confidence interval limit. As 

found in previous simulation studies (e.g., Pituch & Stapleton, 2008; Pituch et al., 

2006) in MMM analyses, the empirical power for detecting the mediated effect ab 

depends on the total sample size, N, such that as N increases, the empirical power 

increases. In addition, as N increases, the correct identification power increases and 

the misleading power decreases for both the MLSEM and the MMM. Recall that the 

average MLSEM's relative SE bias for the mediated effect ab was larger in magnitude 

than the MMM's, and the direction of the substantial relative SE bias for ab under the 

MLSEM was positive while it was negative under the MMM, with the true mediated 

effect being only 0.09, this then might help explain that the empirical power 

associated with the use of the MLSEM was less as compared with that of the MMM.     

Limitations and Future Research 

 One of the primary limitations of the current study is that it has considered 

only one type of multilevel mediation model, namely the upper-level mediation 

model. In an upper-level mediation model the dependent variable is measured at the 

individual level, while the first two variables in the mediation chain, X and M are 
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measured at level two. There are more complicated multilevel mediation models, 

including the cross-level and the cross- and upper-level mediation models that instead 

involve both M and Y measured at level one. The current study’s findings in terms of 

the use of the MLSEM for assessing mediation when the mediating and outcome 

variables might be compromised by measurement error are expected to extend 

generally to other types of multilevel mediation models. However, future research 

should empirically explore the impact of ignoring measurement error in these other 

multilevel mediation model designs. Last, another future direction could involve 

researchers’ exploring using Spearman's (1904) attenuation correction with a 

conventional MMM for researchers using smaller sample sizes as an alternative to the 

use of the MLSEM.  

Another limitation in the current study is that degree of measurement error 

was only manipulated for the cluster-level mediating variable, M. In reality, both M 

and the outcome variable, Y, could have measurement error. In addition, the 

measurement error for Y could be found on either or both levels of the data structure 

and to varying degrees. The degree of measurement error in Y will also impact 

recovery of model parameters as it did for M as indicated using Equations 48. Future 

research could explore in more detail how various levels of measurement error in Y 

affects recovery of the mediated effect parameter under both the MLSEM and the 

MMM thereby extending a similar line of research already started by Goldstein, 

Kounali & Robinson (2008). It should also be noted that partitioning (co)variability in 

the set of outcome indicators (the ys in Figure 9 and 10) into the within- and between-
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cluster levels is essential for handling the dependence. However, researchers are 

unclear about exactly how to interpret and conceptualize the between-cluster factors 

(Stapleton, 2006).  

 In addition to these two limitations, the findings presented in the current 

simulation study might be affected by the specific values chosen for the design 

factors. Although the selection of the values for the manipulated design conditions 

were based on those encountered in previous applied and methodological studies for 

both the MMM and MLCFA/MLSEM analyses, the values considered in the current 

study did not cover the whole spectrum of possible values. Future research should 

extend the current study by investigating additional possible values for the true 

mediated effect, and utilizing diverse combinations of the true values of the a and b 

parameters. Especially, in the current study, the sub-set of conditions in which the 

true values of a and b were 0.9 and 0.1, respectively, showed some unique results 

patterns. It is still not clear why this particular combination of true values for a and b 

behaved quite so differently, as compared to other combinations of true values of a 

and b. The pattern of PRODCLIN results does match the parameter and SE bias 

results. In addition, Pituch et al. (2006) mentioned that in assessing the accuracy of 

confidence interval estimates of the ab effect unexpected results were found when a = 

0.3 was paired with b = 0.1. These unexpected results had also included the same 

pattern of high error rates for the upper confidence interval limit for the empirical-M 

test as well as the biased-corrected bootstrap. In addition, the authors had also found 
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conservative rates for the lower confidence interval limit using the parametric 

percentile bootstrap and the iterated-bias corrected bootstrap. 

The effect of the sample sizes investigated here should also be extended 

further by examining additional values for the number of clusters and for the within-

cluster sample sizes in an attempt to ascertain the optimal minimum sample sizes that 

can support estimation of a multilevel mediation model using MLSEM. In addition, 

the current study looked only at balanced per-cluster sample sizes. Real world data 

more typically does not consist of equal per-cluster sample sizes. Including additional 

values for the manipulated design conditions would help to generalize the results and 

thus provide a stronger rationale and guidelines for when to use the MLSEM for 

assessing multilevel mediated effects.   

Conclusions 

 The simulation study revealed that the use of the MLSEM for assessing 

multilevel mediated effects under the upper-level mediation model worked as well as 

the  MMM when the true values of the parameters a, b and ab were zero. An 

important finding of the simulation study involved identification of the excessive 

underestimation of the a and b parameters and thus of the mediated effect ab 

parameters under the MMM when the true values of b and ab were not zero and when 

the M and Y variables were not perfectly reliably measured. In addition, the more 

measurement error in the mediating variable the worse will be the underestimation of 

the ab effect. Thus, use of the MMM might provide inaccurate and misleading 

parameter and standard error estimates for the estimates of mediated, especially when 
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the true values of a, b and ab are not zero and the measurement error for M is large. 

In addition, the PRODCLIN results seem to indicate conservative Type I error rates 

and a serious lack of power for finding a true mediated effect when estimated using 

the conventional MMM. Similarly, the MLSEM tends to have conservative Type I 

error rates for datasets with small intraclass correlation coefficients and also low 

power to detect a mediated effect. However, only a single true value was assessed 

here for the non-zero mediated effect (i.e., ab = 0.09). More research should be done 

to assess MLSEM and MMM estimates of larger latent mediating variable effects and 

with larger sample sizes to see whether performance improves.  
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Appendix  

Data Generating Values 

This appendix briefly describes how parameter values were obtained for 

generating data. As a reminder, the data were generated to fit an upper-level 

mediation model (i.e., 122 →→  model) mimicking a cluster randomized trial with 

level two units randomly assigned to intervention. A dichotomous independent 

variable, X, was used to represent treatment versus control group membership. Two 

continuous latent variables, M and Y, each measured by four indicators, were used to 

represent the cluster-level mediator and the individual-level outcome variable, 

respectively. The manipulated conditions in the simulation study include the 

following: two levels of ρICC (0.05 and 0.15), three values for number of clusters (G = 

20, 40 and 80), two values for within-cluster sample size ( jn = 20 and 40), two levels 

of measurement error in M,  representing the two levels of standardized loadings of M 

indicators ( s
miλ = 0.5 and 0.8) and six pairs of true values for the a and b parameters 

(a = 0, b = 0; a = 0.3, b = 0; a = 0, b = 0.3; a = 0.3, b = 0.3; a = 0.1, b = 0.9; a = 0.9, b 

= 0.1; and a = 0.3, b = 0.3) whose product provides the mediated effect values (ab = 0 

and ab = 0.09) investigated here.  

As can be seen in Figure A1, the following notation is used. M, BY and WY  

are the factors. Observed indicators of these factors are represented using the lower-

case letters (y or m) along with a subscript identifying the number of the observed 

indicator. Thus 2y  represents the second observed indicator of construct Y, where Y is 
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partitioned into between-cluster factor BY  and within-cluster factor BY . Latent 

indicators of the factors are notated using the same capital letter, the indicator number 

and the level (between- or within-cluster) of the latent indicator. Thus, for example, 

WY 2  represents the within-cluster (level one) latent indicator for observed indicator 

2y  with error variance denoted as 2
2WYζσ . 

. 

 

 Figure A1. Two-Level 122 →→  Generating Model with Latent Mediation and 

Outcome Factors. 
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The standardized loadings of both cluster-level Y indicators, WYi , and 

individual-level Y indicators, WYi , were set to be 0.8. The standardized loadings of 

cluster-level M indicators (i.e., BMi ), denoted as s
mi

λ , were manipulated such that 

values of 0.5 were used for conditions with more measurement error and 0.8 for 

conditions with less measurement error in the estimation of the mediator. Given these 

values were used for the standardized loadings of BYi , WYi  and BMi , and for the true 

values of a, b and c', the next section describes the procedure that was followed to 

generate data.  

First, the population factor variances values for the three cluster-level 

variables, X, M and BY , were set to be 1 and that is 1=Xϕ , 12 =Mσ , and 12 =
BYσ . In 

addition, the population indicator variances for the cluster-level M and Y indicators, 

BMi  and BYi  were also set to be 1 and that 12 =BMi
σ  and 12 =BYi

σ . This was done so 

that the standardized loadings equaled their corresponding unstandardized values.  

 Second, values of the disturbance variances for M and BY  were determined. 

Because the expected value of the variance of M given the model (see Figure A1) is  

[ ] 222 *
MBXM aE ςσϕσ += ,     (A1) 

where  2
MBςσ  is the disturbance variance for factor M. To ensure that the variance of 

M was one (i.e., 12 =Mσ ), 2
MBςσ  need to be Xa ϕ*1 2−  , where 1=Xϕ , and so, 
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2
MBςσ = 21 a− .     (A2) 

Similarly, because the expected value of the variance of BY  given the model (see Figure 

A1) is  

[ ] 22222 2*
YBB

cabbcE MXY ςσσϕσ +′++′= ,     (A3) 

where  2
YBςσ  is the disturbance variance for factor BY . To ensure that the variance of 

BY  was one (i.e., 12 =
BYσ ), 2

YBςσ  need to be cabbc MX ′−−′− 2*1 222 σϕ  , where 

1=Xϕ  and 12 =Mσ  , and so, 

2
YBςσ = cabbc ′−−′− 21 22 .    (A4) 

 Third,  values of the error variances for the cluster-level M and Y indicators, 

BMi  and BYi , were determined.  The expected value of the variance of BMi  given the 

model (see Figure A1) is  

[ ] 2222
BiMi MmiBME ςσσλσ += ,     (A5) 

where  2
BiMςσ  is the error variance for indicator BMi . To ensure that the variance of 

BMi  was one (i.e., 12 =BMi
σ ), 2

BiMςσ  need to be 221 Mmiσλ−  , where 12 =Mσ , and 

s
mimi λλ =  = 0.5 or 0.8, and so 2

BiMςσ = 0.75 for conditions with more measurement 
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error or 2
BiMςσ = 0.36 for conditions with less measurement error in the estimation of 

the mediator. Similarly, the error variance of indicator BYi  , denoted as 2
BiYςσ , can be 

expressed as 221
BYyiσλ− . Because the standardized loadings of BYi equaled the 

unstandardized ones, so the value of the error variance of indicator BYi  was 0.36. 

 Finally, to incorporate the desired ρICC  levels into the generated data sets, the 

values of the variance components associated with factor WY and indicators WYi  was 

determined. Using Equation 31, the variance of WYi  can be express in terms of the 

variance of BYi  and the ρICC as 
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Because the value of the variance for BYi  was set to be 1, the value of the variance 

for WYi  was 19 for conditions with larger ICCρ  and was 5.667 for conditions with 

smaller ICCρ . Using Bollen's (1989) equation for the standardized loadings of WYi , 

which were set to be 0.8 and  are as follows (Bollen, 1989): 
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set the unstandardized loading, yiW )(λ , to be one, and thus the value of the variance 

for factor WY  was: 

22 64.0 WYY iW
σσ = .     (A8) 

 The expected value of the variance of WYi  given the model (see Figure A1) is  

[ ] 222
)(

2
WiYWi YyiWWYE ςσσλσ += ,     (A5) 

where  2
WiYςσ  is the error variance for indicator WYi , and yiW )(λ = 1. To maintain the 

pre-determined values of the variance of WYi , the values of the error variance for WYi  

were 6.84 for the conditions with higher degree of intraclass correlation and were 

2.04 for the conditions with lower degree of intraclass correlation. 
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