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The Impact of Weights’ Specifications with the Multiple Membership 

Random Effects Model 

 

Jennifer Lynn Galindo, Ph.D. 

The University of Texas at Austin, 2015 

 

Supervisor: S. Natasha Beretvas 

 

The purpose of the simulation was to assess the impact of weight pattern 

assignment when using the multiple membership random effects model (MMREM). In 

contrast with most previous methodological research using the MMREM, mobility was 

not randomly assigned; rather the likelihood of student mobility was generated as a 

function of the student predictor. Two true weights patterns were used to generate the 

data (random equal and random unequal). For each set of generated data, the true correct 

weights and two incorrect fixed weight patterns (fixed equal and fixed unequal) that are 

similar to those used in practice by applied researchers were used to estimate the model. 

Several design factors were manipulated including the percent mobility, the ICC, and the 

true generating values of the level one and level two mobility predictors. To assess 

parameter recovery, relative parameter bias was calculated for the fixed effects and 

random effects variance components. Standard error (SE) bias was also calculated for the 

standard errors estimated for each fixed effect.  

Substantial relative parameter bias differences between weight patterns used were 

observed for the level two school mobility predictor across conditions as well as the level 

two random effects variance component, in some conditions. Substantial SE bias 

differences between weight patterns used were also found for the school mobility 
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predictor in some conditions. Substantial SE and parameter bias was found for some 

parameters for which it was not anticipated. The results, discussion, future directions for 

research, and implications for applied researchers are discussed. 
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Chapter 1: Introduction 

Multilevel modeling is typically used to control for the dependency amongst 

observations that occurs when data are clustered. Clustered data exist when individuals 

within a dataset (level one units) share a common context (level two units). An example 

of a clustered dataset in the field of education would be students clustered within 

classrooms or teachers. When using the conventional hierarchical linear model (HLM), 

one must assume level one units are purely nested within level two units, meaning that 

each level one unit can only be associated with one level two unit. This type of pure 

nesting is not typically encountered when working with real datasets. What is more 

common is to have an impurely nested dataset in which some level one individuals may 

belong to more than one level two units. This type of impure data structure has been 

termed a multiple membership data structure (Goldstein, 2010).  

Multiple membership data structures can arise for many reasons. Applying the 

multiple membership structure to the education example above, students may now be 

associated with more than one teacher for numerous reasons (necessary class schedule 

changes, typically movement based on semester changes, etc.). When students within the 

dataset are members of more than one teacher, a multiple membership data structure has 

been created. If the outcome of interest is student achievement and the data were purely 

nested, only one teacher would contribute to an individual student’s achievement. But, 

with a multiple membership structure where students are associated with more than one 

teacher, each of the teachers contributes to each student’s achievement. Because the 
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conventional HLM requires that a level one unit can only be associated with one level 

two unit, the HLM cannot be used to model multiple membership data structures. Instead, 

an extension of the HLM known as the multiple membership random effects model 

(MMREM; Browne, Goldstein, & Rasbash, 2001) should be used. 

Methodological researchers have investigated the recovery of parameter estimates 

using an MMREM compared to the conventional HLM when a multiple membership data 

structure is present. Chung and Beretvas (2012) and Wolff Smith and Beretvas (2011) 

compared parameter estimates from an HLM that ignored student mobility and estimates 

from an MMREM that model the multiple membership structure while manipulating 

various other factors. Overall, parameter estimates across conditions were better 

recovered with the MMREM than the HLM. Most notably, while ignoring student 

mobility and estimating the traditional HLM, the level one and level two variance 

components were substantially biased as was the coefficient for the level two predictor. 

The bias in the level two predictor’s coefficient increased as the percent of mobile 

students increased.  

Applied researchers have also compared parameter estimates from an MMREM 

with those of an HLM (Goldstein, Burgess, & McConnel, 2007; Leckie, 2009) using real 

datasets. The results found that the school effects are underestimated when the HLM was 

used versus the estimates from the MMREM. Also, it was noted that the rank order of 

schools based on the level two residuals was incorrect when mobility was not modeled. 

Overall, researchers have found that the MMREM better recovers true parameters when 

student mobility is present.  
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While use of the MMREM can be helpful for modeling data exhibiting a multiple 

membership structure, the question of the optimal weights pattern to reflect the 

contribution of the set of level two units to each level one unit is left to the researcher. 

Very little research has been conducted to address this issue. Using a real dataset, 

Goldstein et al. (2007) compared the fit of MMREM models using two different weights 

patterns. One pattern assigned weights based on the approximate amount of time each 

student spent at each school and the other assigned weights based on the proximity to the 

outcome measure. The deviance information criterion (DIC) supported the use of the 

time-based weights assignment, however, because true weights were not known, it is 

unclear whether the DIC supported the correct model.  

Wolff Smith and Beretvas (2013a) conducted a simulation study in which the 

correct (generated) weights were used versus several incorrect weights patterns with the 

MMREM model. The researchers found that when incorrect weights were used, 

parameter estimates were as robust as when the correct weights were used regardless of 

study condition.  However, the generalizations of the findings from this study are limited 

due to the manner in which the data were generated.  More specifically, as most 

MMREM researchers have done (Chung & Beretvas, 2012; Wolff Smith & Beretvas, 

2011), Wolff Smith and Beretvas randomly assigned mobility status to individuals. The 

authors also randomly assigned mobile students to the second or third school attended. 

Applied researchers have indicated that there are several predictors associated with 

student mobility, with academic achievement being one of the highest negatively 

correlated predictors (Hanushek, Kain, & Rivkin, 2004; Mehana & Reynolds, 2004; 
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Reynolds, Chen, & Herbers, 2009). Therefore, it seems clear that mobility is likely an 

endogenous predictor of achievement. By randomly assigning student mobility status, 

this complex relationship is not modeled. This then calls into question the generalizability 

of the results for applied researchers working with real datasets. The current study is 

intended to extend the work started in Wolff Smith and Beretvas’s study and to address 

some of its limitations. 

While most previous researchers have not modeled the endogeneity of mobility, 

in another study conducted by the same authors, Wolff Smith and Beretvas (2013b) did 

model endogenous mobility when assigning mobility status to simulated students in their 

analysis of missing level two identifiers with the MMREM. While the model provided a 

more authentic representation of mobility, several differences were found when 

comparing the results to other studies. Most notably, the coefficient for the effect of a 

level one predictor was found to be biased in their study but was not biased in other 

MMREM research. The authors concluded that the bias was mainly due to the omission 

of a variable from the estimating model that had been used in the generating model. To 

avoid potential omitted variable bias, in the current study mobility was generated to be 

endogenous but no variables used in the generating model were omitted from the 

estimating model. Additionally, in a different study, Wolff Smith and Beretvas (2011) 

found a similar pattern of results when comparing parameter estimates from an HLM 

model estimated by deleting all of the mobile cases (HLM-Delete) and an MMREM 

modeling the mobility. This research was conducted by randomly assigning student 

mobility. However, Wolff Smith and Beretvas (2013b) compared the results of their 



 5 

HLM-Delete parameter estimates with the other MMREM models estimated in their 

simulation and found that the pattern of results was not similar. The authors concluded 

that the different pattern of results was most likely due to the differences in the mobility 

samples created by the two generating procedures (randomly assigned versus modeling 

the endogeneity of mobility). Therefore, it seems plausible that the results from the 

investigation of weights (Wolff Smith & Beretvas, 2013a) based on randomly generating 

mobility may vary when the endogeneity is used to generate mobility. This dissertation 

will entail first a real data analysis that compares parameter estimates from two 

MMREMs estimated using different weights. Then, a simulation study was conducted to 

assess the impact of weight assignment on recovery of parameters and standard errors for 

both fixed and random effect parameters. The simulation study will involve manipulation 

of several factors including the ICC, the coefficient for the level one and level two 

mobility predictors, the percent of mobile students, and the true and incorrectly specified 

weights patterns.  The weight patterns were designed to reflect what applied researchers 

do in practice. The first pattern will assign equal weights to all schools. The second 

pattern will give more weight to the school most proximal to the outcome of interest. 

Outcomes of interest in the simulation study will include relative parameter and standard 

error bias (Hoogland & Boomsma, 1998).  
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Chapter 2: Literature Review 

The purpose of this study is to investigate how the mis-specification of weights 

with the multiple membership random effects model (MMREM) impacts the parameter 

estimates when more realistic conditions of student mobility are used to generate the data. 

This chapter begins with an introduction to multilevel modeling and proceeds to the 

description of the hierarchical linear model. Finally, the MMREM as well as the cross-

classified random effects model (CCREM) are discussed. 

MULTILEVEL MODELING 

Multilevel modeling is used when data are clustered, meaning that the individuals 

in the dataset (level one units) share a common context (level two units). Clustered data 

appear in many fields from education to business to healthcare. A common example of a 

clustered data set in the setting of education would be students nested within schools. In a 

healthcare context, for example, patients are nested within hospitals.  

Multilevel modeling is used instead of a single-level regression model in order to 

account for clustering effects that lead to the violation of the assumption of independence 

of individual observations. An example of a single-level regression model is shown 

below: 

𝑌𝑖 = 𝛽0 + 𝛽1𝑋𝑖 + 𝑒𝑖 ,                                                      (1) 

where Yi is the outcome for individual i, 𝛽0 represent the expected outcome for individual 

i when 𝑋𝑖 is zero, 𝛽1 is the slope of the regression line, 𝑋𝑖 is individual i’s value on the 

independent variable X, and 𝑒𝑖 represents the error, or residual, for individual i. The 
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errors are assumed to be normally and independently distributed with a mean of zero and 

a constant variance of 𝜎2. As was mentioned above, cases in clustered data are not 

considered independent — there is something in common about subsets of the 

observations, for example, students in the same classroom share the same teacher and 

other classroom experiences. If the dependence associated with clustering is ignored, then 

estimates of the standard errors for coefficients describing inter-relationships among 

variables are too small, resulting in inflated Type-I error rates (see, for example, 

Raudenbush & Bryk, 2002; Fielding & Goldstein, 2006). To adequately handle this 

dependency, a multilevel model or hierarchical model can be used. The next section will 

discuss the hierarchical linear model. 

HIERARCHICAL LINEAR MODELING 

The conventional HLM models purely clustered data. For data to be purely 

clustered, each level one unit can belong to only one level two unit with several level one 

units affiliated with each level two unit. In an educational example, each student (level 

one) belongs to only one school (level two unit) with multiple students per school.  

Unconditional HLM 

For a two-level HLM, an unconditional model is typically first estimated. The 

model notation presented below is taken from the levels formulation introduced by 

Raudenbush and Bryk (2002). Level one units (here, students) are indexed using the 



 8 

subscript i and the level two units (here, schools) are typically indexed with the subscript 

j. The unconditional level one model is: 

 𝑌𝑖𝑗 = 𝛽0𝑗 + 𝑒𝑖𝑗                                                              (2) 

with the following level two model: 

𝛽0𝑗 = 𝛾00 + 𝑢0𝑗 .                                                          (3) 

The two levels can be combined into a mixed-model single-equation format as follows: 

𝑌𝑖𝑗 = 𝛾00 + 𝑢0𝑗 + 𝑒𝑖𝑗 ,                                                   (4) 

where 𝛾00 represents the average outcome; 𝑒𝑖𝑗 is the level one residual associated with 

level one unit i and level two unit j with 𝑒𝑖𝑗~𝑁(0, 𝜎2); and 𝑢0𝑗 is the level two residual 

associated with level two unit j with 𝑢0𝑗~𝑁(0, 𝜏00).  

When estimating an HLM, a fully unconditional model is most typically estimated 

first in order to calculate the intra-class correlation (ICC). The two-level model’s ICC is 

calculated from the variance components of the level one and two residuals and 

represents the proportion of total variance in the outcome, Y, that is attributable to 

variability among level two units. The formula for calculating an ICC is shown below 

(Raudenbush & Bryk, 2002): 

   𝐼𝐶𝐶 =
𝜏00

𝜎2+𝜏00
  .                                                        (5) 

The variance components, namely 𝜏00 and 𝜎2, used in the calculation of the ICC (see 

Equation 5) are obtained by estimating the fully unconditional model. If the ICC is 

greater than zero, then there remains dependence attributable to membership in level two 

units that should be modeled.  
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Conditional HLM 

After estimating the unconditional model, if substantial variability between (𝜏00) 

or within (𝜎2) level two units is identified, then researchers typically add predictors to the 

model to explain variability in the outcome. These predictors can be added at level one or 

two or at both levels depending on the theory that supports the model. For example, at 

level one, various student characteristics could be added and at level two, characteristics 

of the schools could be added.  In this case, a simple two-level conditional HLM is 

presented that includes two level one predictors, Xij and 𝑀𝑖𝑗. These predictors are 

incorporated into the fully conditional model, and at level one, Equation 2 becomes: 

Yij = β0j + β1j(Xij) + 𝛽2𝑗(𝑀𝑖𝑗) + eij.                                     (6) 

The contextual effects of the level one predictors shown as X̅.j and M̅.j are included as 

predictors at level two resulting in the following level two model: 

β0j = γ00 + γ01(X̅.j) + γ02(M̅.j) + u0j   

β1j = γ10                                                                               ,    (7) 

                 β2j = γ20    

where γ00 represents the mean outcome when all predictors are zero; γ01 is the change in 

the outcome for a one unit change in X̅.j holding all other predictor constant; γ02 is the 

change in the intercept for a one unit change in M̅.j holding all else constant; γ10 is the 

change in the outcome for a one unit change in Xij; γ20 represents the change in Yij when 

all variables are held constant and 𝑀𝑖𝑗 increases by one unit; 𝑒𝑖𝑗 is the level one residual 

associated with level one unit i and level two unit j with 𝑒𝑖𝑗~𝑁(0, 𝜎2); and 𝑢0𝑗 is the 
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level two residual associated with level two unit j with 𝑢0𝑗~𝑁(0, 𝜏00).  The level one and 

level two equations can be combined into a mixed model format that is shown below: 

Yij = γ00 + γ10(Xij) + γ20(𝑀𝑖𝑗) + γ01(X̅.j) + γ02(M̅.j) + eij + u0j    .            (8) 

The intercept term, β0j is modeled, here, as randomly varying across level two units. The 

coefficients of each of the two level one predictors (Xij and 𝑀𝑖𝑗,) are modeled, here, as 

fixed across the level two units. However, it is possible to model each predictor in a 

model as randomly or nonrandomly varying across level two units.  

Suppose that 𝑋𝑖𝑗 represents a measure of a student’s pretest score on a reading 

assessment. If the researcher believed that this variable’s influence on Yij, the outcome of 

interest, was the same for all students regardless of the school they attended, the 

researcher would model the coefficient as fixed. If, however, the researcher hypothesized 

that the relationship between Xij and Yij would be different depending on the school the ‘ 

Centering 

The addition of predictor variables to a model can be done with the variables 

remaining in the metric in which they were measured or the variables can be centered. 

The decision of whether or not and how to center predictor variables is most typically 

determined by how one interprets the level one intercept, because the scales of the level 

one predictors affect interpretation of the intercept (Raudenbush & Bryk, 2002). Rather 

than continuing with the complex HLM example presented in a previous section, the 

discussion on centering would better be accomplished by considering a simpler model 

with only one predictor at level one: 
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ijijjjij eXY  10   ,                                         (10) 

where, 𝛽0𝑗 is the expected outcome when 𝑋𝑖𝑗 is zero. In some cases, however, a value of 

zero on a predictor may not be interpretable or meaningful. One example of this would be 

when 𝑋𝑖𝑗 represents a scaled score, for instance on the verbal section of the Scholastic 

Aptitude Test (SAT) in which scores range from 200 to 800. If, for example, the outcome 

variable of interest is a student’s GPA and their Verbal SAT test score is X, then the 

intercept, 𝛽0𝑗, now represents the students predicted GPA when their Verbal SAT test 

score is equal to zero, which is not a plausible score. In a case similar to this, the 

researcher might decide to change the location of the predictor such that the interpretation 

of 𝛽0𝑗 is meaningful. The two most common techniques for centering level one predictors 

in a two-level model include group mean and grand mean centering which is discussed 

below.  

 Grand mean centering of a predictor variable yields an intercept that is equal to 

the expected value of the outcome for an individual whose value on the predictor, 𝑋𝑖𝑗, is 

equal to the grand mean, �̅�... In this example, Equation 10 would now be written as: 

ijijjjij eXXY  )( ..10  .                                          (11) 

Continuing with the example above, the intercept would be interpreted as the expected 

GPA for individual i who scored at the mean Verbal SAT test score across all students in 

the dataset. Enders and Tofighi (2007) support the use of grand mean centering for two 

specific scenarios. The first is when the researcher wants to control for level-one 
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covariates, and is most interested in the effects of level two predictors or in the 

interaction effects between multiple predictors at level two.  

 Group mean centering of a predictor variable changes the interpretation of the 

intercept to be the expected value of the outcome for an individual whose value of 𝑋𝑖𝑗 is 

equal to their group mean, jX . . In this case, Equation 10 would be modified as follows: 

ijjijjjij eXXY  )( .10  .                                     (12) 

Again, using the example above, the intercept now represents the expected GPA for a 

student whose score on the verbal SAT test is equal to the mean score for their school 

(where school is the level two unit). If a researcher’s main focus is on the relationship 

between the outcome and the predictor, group mean centering is recommended. This is 

also the case if the researcher is most interested in the interaction between two level one 

predictors (Enders & Tofighi, 2007). 

 Up to this point, the discussion presented has focused on data structures in which 

each level one unit is associated with only one level two unit. The next section will 

present another possible way in which data can be clustered, the multiple membership 

data structure. 

IMPURELY CLUSTERED DATA  

 As was previously mentioned, HLM can only be used when the dataset to be 

analyzed is purely clustered. However, in many real world settings, other types of 

clustering can be encountered. For data to be considered purely clustered, each level one 
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unit (e.g., student) belongs, or is a member of, only one level two unit (e.g., elementary 

school). A graphical depiction of a purely clustered dataset is shown below in Figure 1. 

 

 

Figure 1. Purely Clustered Data Structure 

Notice that each student is linked (connected with the solid line) to only one 

elementary school and the clustering results from each elementary school being 

associated with several students. However, pure nesting is less commonly encountered in 

real datasets. For example, in a purely nested dataset, it would be assumed that each 5th 

grader in a dataset has attended only one elementary school. However, that is rarely the 

case. Instead there is usually a subset of students who might change schools over the 

course of their elementary school years. Students who change schools between or during 

the school year for reasons other than grade advancement are considered “mobile” 

students. These students now are members of multiple schools. This type of data structure 

is considered “impurely” nested and can be described as a multiple membership data 

structure (Goldstein, 2010). A depiction of this type of data structure is shown in the 

figure below. 
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Figure 2. Multiple Membership Data Structure 

Unlike Figure 1, in which each student is linked to only one school, Figure 2 

shows several students that have lines connecting them to more than one school. The 

solid lines indicate students who were not mobile and attended only one school. Students 

who attended more than one school are indicated by dashed lines (Beretvas, 2010). These 

lines connect the student to each of the schools attended across the dataset. This indicates 

that during the course of the students’ elementary years, they have attended more than 

one elementary school and therefore the student outcome measure is associated with 

more than one level two unit (in this case, school). By looking at Figure 2, student B 

would be deemed mobile because she is linked to more than one elementary school, 

schools 1 and 3. However, Student G would be considered non-mobile because he is 

associated with only one elementary school, school 3.  

While the multiple-membership structure depicted in Figure 2 uses the example of 

students as members of multiple schools, the same type of data structure can be found in 

other types of research. For example, in the medical field, one may encounter patients as 

“members” of multiple doctors or hospitals and inhabitants as “members” of multiple 

neighborhoods. However, this study will focus on multiple membership in the context of 

education and specifically on student mobility. A general overview of student mobility is 

presented in the following section. 
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STUDENT MOBILITY 

Within real world settings, student mobility is a real issue. In educational 

research, there are two types of mobility. These include “normal” mobility which refers 

to students changing schools based on the school system’s hierarchy, such as students 

moving from middle school to high school. However, “non-normative” mobility involves 

students moving from say one middle school to another while still a middle school 

student (Smith, 2012).  For purposes of this dissertation, the term ‘mobility’ will refer to 

non-normative mobility. 

The 2004 U.S. Census showed that between 15% and 20% of students had 

changed schools during the previous year (U.S. Bureau of Census, 2004). In urban areas 

of the U.S., mobility rates can reach 30% or higher (U.S. General Accounting Office, 

1994). Additionally, data collected through the administration of the 1998 National 

Assessment of Educational Progress (NAEP) Math assessment indicated that 34% of 4
th

 

graders, 21% of 8
th

 graders, and 10% of 12
th

 graders changed schools at least once in the 

previous two years (as cited in Rumberger, 2003).  

Based on these statistics, it is obvious that student mobility exists for a large 

portion of the student population. Factors related to mobility as well as mobility’s impact 

on student achievement are discussed in the next section. 

Precursors to and the Impact of Mobility 

Student mobility can be classified into two types, “reactive” and “strategic” 

(Rumberger, Larson, Ream, & Palardy, 1999). Reactively mobile students tend to change 
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schools due to some negative occurrence in their lives or in their family’s financial 

situation. The school changes are not “strategic” in that the parents or children are not 

looking for a better opportunity to learn or for a school that may offer better resources. 

While “strategically” mobile students are still considered to be part of the mobile 

population, they do not represent the portion of mobile students that likely suffer more 

negative outcomes such as lower achievement and higher dropout rates (Burkam, Lee, & 

Dwyer, 2009).  All the factors related to mobility that are discussed in this section are 

related to reactively mobile students, and from this point forward reactively mobile 

students will be referred to simply as mobile students. 

The Massachusetts Department of Elementary and Secondary Education recently 

investigated the factors related to mobility in their state (O'Donnell & Gazos, 2010). 

Approximately 10.5% of the student population was mobile, and of that, 53% were from 

low income families, 24% were students with special needs, and 16% were Limited 

English Proficient (LEP). Hanushek, Kain, and Rivkin (2004) investigated the mobility 

trends using a longitudinal data set of Texas students collected between their 4
th

 and 7
th

 

grade years. The authors found that approximately 25% of moderate to high income 

students change schools once, with only 5% experiencing multiple moves. Of the low 

income students, 40% change schools once, 10% change schools twice, and 7% change 

schools three times. Additionally, Kerbow (1996) found that residential mobility is 

especially high among disadvantaged urban families. Lee and Burkam (2002) analyzed a 

subset of the Early Childhood Longitudinal Study, Kindergarten Cohort (ECLS-K) and 
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found that socioeconomic status (SES) was a strong predictor of a child’s residential 

stability. 

Student mobility has also been found to be strongly associated with family 

structure. Multiple studies have reported that children of single parent households or 

households with step parents are more likely to experience school moves than children of 

two-parent families (Adduci, 1990; Astone & Mclanahan, 1994). 

In addition to the factors listed above, ethnicity is also a predictor of student 

mobility. Rumberger (2003) noted that the highest rates of mobility occur in large, 

predominantly minority, urban school districts. Additionally, children from ethnic 

minority families are highly likely to attend multiple schools (Burkam, Lee, & Dwyer, 

2009). The prevalence of residential mobility is most common in highly disadvantaged 

urban families (Kerbow, 1996; Hanushek, Kain, & Rivkin, 2004). The relationship of 

student mobility and academic achievement is discussed in the following section. 

Influence of Mobility on Academic Achievement  

Mehana and Reynolds (2004) performed a meta-analysis of the influence of 

school mobility on academic achievement of children in grades kindergarten through 

sixth. A total of 26 studies from the years 1975 and 1994 were synthesized in all.  The 

average weighted standardized mean difference effect size was estimated to be -0.25 for 

reading scores and -0.22 for math test scores. Mobility for grades K through 4 was 

associated with a larger effect size than after grade 4. The negative direction of the effect 

sizes indicates that mobile students had lower achievement than non-mobile students. 



 18 

Reynolds, Chen, and Herbers (2009) also conducted a meta-analysis to synthesize 

the research that has been conducted on the relationship between student mobility and 

achievement that controlled for pre-mobility school achievement or performance. The 

researchers identified 16 studies from the years 1990 through 2008. Researchers 

concluded that mobility was linked to negative effects on reading and math achievement. 

The weighted unadjusted effect sizes for reading and math achievement were -0.12 and -

0.14, respectively, for the group of students that moved on fewer than three occasions. 

For frequent movers (3 or more occasions) the effect sizes were -0.26 and -0.34.  

Contrary to the results of the two meta-analysis presented, Strand and Demie 

(2006) and Tucker, Marx, and Long (1998) found that mobility did not negatively impact 

achievement. However, Tucker, et al (1998) found the results only for students of intact 

homes with both biological parents, but for students with other family structures the 

opposite trend was found. It is important to note that mobility does not seem to impact 

the achievement of mobile students from military families as much as children from 

civilian families (Greene & Daughtry, 1961 as cited in Mehana & Reynolds, 2004).  

Hanushek, Kain, and Rivkin (2004) also found that the negative effect on student 

achievement due to mobility not only impacts the mobile student but their peers as well. 

Audette and Algozzine (2000) found moderate to high negative correlations between 

school transfer rates and school achievement. The conclusion from this research is that 

individual mobility and achievement also seems to be related to the mobility rate of the 

school as well as the school’s mean achievement.  
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In summary, given the patterns of predictors of both mobility and achievement, it 

seems clear that mobility is likely not an exogenous predictor of student achievement. 

Instead, there is likely in reality a complex relationship between student mobility and 

achievement and between these two variables and student and school level covariates. 

Most previous methodological research that has simulated data structures with student 

mobility has failed to capture some of this complexity. A later section will discuss this 

topic in detail and how future research might better simulate mobile students’ data.  

Based on this review, clearly student mobility is common and yet use of the 

conventional HLM is not the best way to model mobile students’ data (Browne, 

Goldstein, & Rasbash, 2001; Chung & Beretvas, 2012). The following sections will 

present two extensions of the conventional HLM known as the cross-classified random 

effects model (CCREM) and the multiple membership random effects model (MMREM) 

– both of which can be used to handle mobile students’ data. Additionally, the benefits 

and limitations of each model are discussed.  

CROSS-CLASSIFIED RANDOM EFFECTS MODEL 

As was previously discussed, valid use of the conventional hierarchical linear 

model (HLM) requires that the data structure be purely nested. In educational research 

scenarios, this is not always the case. One way to handle impurely clustered data is to use 

the cross-classified random effects model (CCREM). The general CCREM is presented 

initially, followed by a description of how the CCREM can be used to model multiple 

membership data structures.  
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A very commonly used example of a cross-classified data set in education would 

be students’ cross-classification by school and neighborhood (Garner & Raudenbush, 

1991). Students are purely nested within schools as well as within neighborhoods, 

however, schools are not purely nested within neighborhoods, nor are neighborhoods 

purely nested within schools. In other words, students that attend a certain school do not 

necessarily all come from the same neighborhoods. Nor do students who live in the same 

neighborhood necessarily attend the same schools. Students are considered to be cross-

classified by neighborhood and school (Beretvas, 2008; Raudenbush & Bryk, 2002). A 

visual depiction of this scenario is shown below. 

 

 

Figure 3. Typical Cross-classified Data Structure 

 In Figure 3, one can see that in this specific dataset a student who attends school 

1, may in fact be from neighborhood i or iii. In the opposite respect, a student from 

neighborhood iii may attend school 1, 3, or 4. This is a common occurrence in education 

settings because schools may pull students from more than one neighborhood in the same 

way that neighborhoods may send students to more than one school. When this happens, 
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students are then cross-classified by school and neighborhood. Most commonly, the 

CCREM is used for scenarios in which the two cross-classified factors are different 

things (like schools and neighborhoods, here).  

When applying a CCREM to a multiple-membership data structure, the cross-

classified factors are the same kind of clustering unit. Consider the current multiple-

membership example where students (level one) are clustered within schools (level two), 

although some students might be associated with more than one school. In order to use 

the CCREM with multiple membership data structures, one must first conceptualize the 

individual students (level one) as being cross-classified at level two by the school 

attended at each of the (here, two) time points. To clarify, the two cross-classified factors 

are composed of the same set of schools except that they are being distinguished by time. 

Therefore, the cross-classified factors are the school attended at time 1 and the school 

attended at time 2. The multiple membership data structure shown in Figure 2 from 

above, has been rearranged to show how a researcher might depict a multiple 

membership data structure with two time points using a cross-classified depiction.  
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Figure 4. Cross-classified Depiction of a Multiple Membership Dataset 

By looking at Figure 4, one can see that students are purely clustered within 

elementary school at time 1. And, students are purely clustered within elementary school 

attended at time 2. However, given at least some of the students are mobile, then students 

are cross-classified by school attended at times 1 and 2. Mobile students did not attend 

the same elementary school at times 2 and 1. Therefore, the crossing of lines in Figure 4 

indicates that some students changed schools from time 1 to point 2, essentially making 

them members of more than one school. The model works in a similar way for non-

mobile students. These students still have a school classification at time 1 and time 2, 

however, because they are non-mobile, the school identifier for time 1 and time 2 will be 

the same. The next section will discuss the formation of the unconditional CCREM when 

the cross-classified factors are of the same type (here, schools). 
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Unconditional CCREM 

Following the notation presented in Rasbash and Browne (2001), when assuming 

a CCREM, level one units are uniquely identified by the subscript i with subscripts j1 and 

j2 used to distinguish the two level two cross-classified factors namely, here, school 

attended at the first and second time points, respectively. The cross-classified factors, in 

this case, schools attended at times one and two, are denoted with the same subscript, j, 

because they are at the same level. The numerical subscripts (j1 versus j2) distinguish 

whether it is the first or second school attended.  

As with a conventional HLM, the unconditional CCREM model contains no 

predictors and is used to estimate the variance between schools at time 1, between 

schools at time 2, and between individual students or within “cells.” The cells are defined 

as each unique combination of the two cross-classified factors. In this example, a cell 

would contain students that share the combination of first and second school attended. 

Equation 13 shows the unconditional CCREM at level one: 

𝑌𝑖(𝑗1,𝑗2) = 𝛽0(𝑗1,𝑗2) + 𝑒𝑖(𝑗1 ,𝑗2)    ,                                     (13) 

where 𝑌𝑖(𝑗1,𝑗2) is the outcome of interest for student i who at time 1 attended elementary 

school j1 and at time 2 attended elementary school j2; 𝑒𝑖(𝑗1,𝑗2) is the random student effect 

interpreted as the deviation of the student i’s outcome from the cell mean for students 

attending schools j1 and j2 at times 1 and 2, respectively. In the case of a non-mobile 

student, the school attended at the first and second time points would be identical. The 

level two equation is: 
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𝛽0(𝑗1,𝑗2) = 𝛾000 + 𝑢0𝑗10 + 𝑢0𝑗20 + 𝑢0𝑗1×𝑗2
 ,                            (14) 

Where 
000  is the average outcome; 00 1j

u  is the level two residual associated with school 

attended at time one and is assumed normally distributed with a mean of zero and a 

constant variance of 
100 ju ; 00 2j

u  is the level two residual associated with school attended 

at time two and is assumed normally distributed with a mean of zero and a constant 

variance of 
200 ju ; and 

210 jju  represents the random interaction effect. In most cases, the 

sample size per cell is not sufficient to adequately estimate the variance component 

associated with the random interaction effect and is therefore typically set to zero and 

eliminated from the equation (Rasbash & Browne, 2001; Raudenbush & Bryk, 2002; 

Goldstein, 2010).  Leaving out this term and combining the level one and two equations 

produces: 

𝑌𝑖(𝑗1,𝑗2) = 𝛾000 + 𝑢0𝑗10 + 𝑢0𝑗20 + 𝑒𝑖(𝑗1,𝑗2) .                            (15) 

Equation 15 above demonstrates the partitioning of the variability in the student’s 

outcome into the component between schools at time 1, 𝑢0𝑗10, between schools at time 2, 

𝑢0𝑗20, and the remaining variability between students, 𝑒𝑖(𝑗1,𝑗2) (Beretvas, 2010). 

 When using the traditional HLM, the two-level model’s ICC is estimated to 

partition variability into its two levels’ components. When using the CCREM, the intra-

unit correlation coefficient (IUCC) is estimated to measure if a substantial proportion of 

the total variability in the outcome can be attributable to variability amongst each cross-

classified factors’ units’ effects (e.g., here, school at the first time point and school at the 
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second time point). The formula for calculating the IUCC for students attending the same 

school at time 1 and same school at time 2 is: 

𝜌𝑢0𝑗10𝑢0𝑗20
=  

𝜏𝑢00𝑗1
+𝜏𝑢00𝑗2

𝜏𝑢00𝑗1
+𝜏𝑢00𝑗2

+𝜎2                                         (16) 

(Raudenbush & Bryk, 2002). The formula for calculating the IUCC for students who 

attended the same school at time 1 but different schools at time two is as follows: 

𝜌𝑢0𝑗10
=  

𝜏𝑢00𝑗1

𝜏𝑢00𝑗1
+𝜏𝑢00𝑗2

+𝜎2 .                                        (17) 

The formula for calculating the IUCC for students who attended different schools at time 

1 but the same school at time 2 is: 

𝜌𝑢0𝑗20
=  

𝜏𝑢00𝑗2

𝜏𝑢00𝑗1
+𝜏𝑢00𝑗2

+𝜎2 .                                        (18) 

 As with the other models already discussed, predictors can be added to level one 

and level two of a CCREM to account for unexplained variability at each of the levels. 

When these predictors are added to the model, they form the conditional CCREM. 

Examples of more complex CCREMs are provided in Beretvas (2008) and Goldstein 

(2010).   

 This section addressed how a researcher might handle a multiple membership 

dataset using the CCREM. The next section will discuss the limitations and advantages of 

this model compared to an alternative model, the multiple membership random effects 

model (MMREM). 
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APPLICATION OF CCREM TO MULTIPLE MEMBERSHIP SCENARIOS 

While it is feasible to model a multiple membership data structure using a 

CCREM, little methodological research has been conducted framing the CCREM in this 

way. The majority of the research evaluating the efficacy of the CCREM looks at the 

cross-classified factors being different things, such as corporations and industries (Luo & 

Kwok, 2009). Luo and Kwok (2012) investigated the consequences of ignoring 

individuals’ mobility when using a cross-classified multi-level growth model. Model 

misspecification in a traditional CCREM typically occurs by completely ignoring a cross-

classified factor. If this scenario were replicated in the context of a growth model in 

which there are repeated measures cross-classified by students and schools, then rather 

than completely omitting a cross-classified factor, the factors are assumed to be the same 

across the time points in the model. For example, if you have a dataset in which you treat 

repeated measures to be cross-classified by students and schools, the school assigned at 

each time point would be the same whether or not students were to have changed schools 

between measurement occasions. The type of model misspecification investigated by Luo 

and Kwok essentially ignores the mobility of the student and assigns only one school to 

the student.  

Luo and Kwok (2012) conducted two simulation studies to investigate the impact 

of ignoring student mobility on the parameter estimates of a cross-classified random 

effects multilevel growth model. The first simulation assumed student mobility due to 

completion of an academic program, such as a move from a middle school to a high 

school. The second simulation simulated mobility for other reasons, such as 
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socioeconomic status, family breakdown, and temporary housing. Across the two 

simulations, several factors were manipulated.  These include the number of schools, the 

number of students per school at the first time point, the mobility rate, the variances and 

covariances of the student random effects, and the variance of the school random effect. 

For each condition, the true cross-classified multilevel growth model was estimated as 

well as a mis-specifed model (a three-level HLM in which only the school from the first 

measurement occasion was used in the analysis). The CCREM model included a time 

variable, x, at level one to mark the measurement occasion. At level two, there was a time 

invariant student specific predictor as well as a time invariant school specific predictor. 

At level one of the three-level HLM model, the time variable was included; at level two 

the same student-specific predictor was included, and at level three the same school-

specific predictor was used. Results from simulation one for the mis-specified HLM 

model indicated that the school random effects variance components were underestimated 

and the student random effects variance components were overestimated. Additionally, 

the variance of the student level random effects associated with the growth rate as well as 

the covariance of the two student random effects were overestimated. No bias was found 

in the fixed effects estimates; however, the standard errors of the intercept and the 

regression coefficient of the school-specific predictor were biased. In most cases, the 

biases became more prominent as the mobility rate increased. For the CCREM model, the 

parameter estimates were not substantially biased.  

Similar results were seen for Luo and Kwok’s (2012) second simulation study 

with the addition of some differences. First, for the misspecified model, the variance of 
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the student random effects associated with the intercept was underestimated and the 

within student residual variance was overestimated. Additionally, the estimated standard 

error of the regression coefficient of the time variable was positively biased as were the 

standard errors associated with the student-specific predictor and the cross-level 

interaction between the time variable and the student-specific predictor. 

Luo and Kwok (2012) also conducted a follow-up simulation study to evaluate a 

common misconception amongst researchers that the incorporation of a student-level 

predictor indicating a student’s school mobility can be added to the HLM model and 

eliminate the need to model the cross-classified structure. However, when model 

parameters were re-estimated with the mobility variable included, similar biases were 

found in parameter estimates as were found in simulations one and two without the 

mobility predictor. Additionally, the standard error associated with the mobility predictor 

was overestimated, therefore resulting in decreased statistical power in detecting the 

effect of the mobility predictor. This investigation further supports the need to correctly 

model mobile students’ data. 

Ultimately, Luo and Kwok (2012) concluded that the impact of ignoring student 

mobility on parameter estimates of a traditional HLM is related to three factors. These 

include the target of the analysis, the rate of student mobility, and the pattern of mobility. 

When one is interested in the effect of the school level predictor as well as examining the 

overall intercept, using the misspecifed HLM model could result in spuriously 

statistically significant results, even when mobility rates are minimal. The misspecified 

model is found to have reduced power when testing the overall growth rate as well as 
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when assessing the effect of a student specific predictor on the intercept and growth rate, 

specifically when the pattern of mobility is spread out across measurement occasions 

(most like that created in simulation two). Finally, when the school level variance is large 

but the student level variance is small, misspecifying the model will have a larger effect. 

In the end, results of this study support the correct modeling of mobile student data in 

order to better recover true parameters. 

The following section will discuss the limitations of using a CCREM for multiple 

membership data sets. 

LIMITATIONS OF THE CCREM FOR MULTIPLE MEMBERSHIP DATA SETS 

 While a CCREM may be used when a dataset exhibits multiple membership, there 

are some constraints associated with the model that may support the use of a more 

parsimonious model—the MMREM. First, with the CCREM, the number of cross-

classified factors that need to be estimated is equal to the maximum numbers of schools 

attended by any mobile individual in the dataset. For a longitudinal dataset in which you 

have student outcomes measured at the beginning, middle, and end of a school year over 

the course of three years, the maximum number of schools attended by the most mobile 

student could equal the number of measurement occasions. Based on this example, that 

would be nine schools, or in terms of a CCREM, nine factors. For each factor in a 

CCREM, a random effect as well as its variance is estimated. The number of factors 

included in a CCREM for longitudinal data can get quite large (as illustrated in this 

scenario), resulting in the need to estimate many level two classifications’ factors’ 
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random effects. According to Goldstein (2010), this can be problematic when estimating 

a CCREM. The model can have difficulty converging when estimating a large number of 

random effects variance components when one or more is close to zero.  

Additionally, the timing of student moves can be a concern when using the 

CCREM. If, as was shown in the previous example, we have three measurement 

occasions across a school year, with a CCREM all students who change schools between 

the beginning and middle of the year would be modeled to have changed schools at the 

same point in time. However, the reality may be that student A changed schools right 

after the beginning of the year, and student B changed schools right before measurement 

at the middle of the year. There is no way to model when the student changes schools 

except by increasing the number of time points in which the researcher gathers school 

information, which in turn will increase the number of cross-classified factors. One way 

to decrease the number of cross-classified factors would be to create timing groups in 

which students that moved schools between a certain window are lumped into a single 

factor. In this case, the size of the timing window as well as the number factors created is 

largely arbitrary and at the discretion of the researcher (Wolff Smith & Beretvas, 2013b). 

Lastly, in addition to the complications associated with the use of the CCREM for 

mobile students’ data, it is assumed under the model that the cross-classified factors’ 

effects are completely independent. In the context used here, this would mean that the 

effect of the school attended at time point one is completely unrelated to the effect of the 

school attended at time point two. This strong assumption does not seem to seem well 

matched by reality. 
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Thus, rather than using the CCREM, the MMREM could be used for handling 

mobile students’ data. While the timing of student mobility is still a concern with the 

MMREM, only a single variance component is estimated at level two regardless of the 

degree of cross-classification or the maximum number of schools attended. So, while you 

may have as many schools as time points to assess, the estimation is less complex due to 

only needing to estimate the one random effects variance component. Secondly, whereas 

with the CCREM if a student were to have attended the same school at time 1 as at time 

2, the cross-classified factors’ effects are assumed to be completely independent, with the 

MMREM under these same conditions, the effects are assumed to be purely correlated at 

time 1 as time 2. In other words, under the MMREM, the effect of a school at the first 

time point is assumed the same as at the second time point. While this assumption also 

might not match reality, it seems likely that there is some non-zero correlation, even a 

strong correlation between a school’s effect at a first and second measurement occasion.  

Future research should explore the degree of correlation between school effects across 

time points. However, the current research will focus on handling mobile students’ data 

using the more parsimonious MMREM model. The next section will provide a detailed 

explanation of the MMREM.  

MULTIPLE MEMBERSHIP RANDOM EFFECTS MODEL 

The MMREM is used to handle data in which level one units belong to, or are 

members of more than one unit at level two. The parameterization of the unconditional 
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and conditional models (Beretvas, 2010; Goldstein, 2010; Rasbash & Browne, 2001) are 

outlined in the following sections. 

Unconditional MMREM 

When assuming a MMREM, level one units are uniquely identified with the 

letter i. The complete set of associated level two units for each i is identified as {j}. The 

unconditional two-level MMREM is as follows at level 1: 

𝑌𝑖{𝑗} = 𝛽0{𝑗}+𝑒𝑖{𝑗} ,                                                    (19) 

where 𝑌𝑖{𝑗}is the outcome for level one unit i who is a member of the set of level two 

units, {j}; 𝛽0{𝑗} is the average outcome for the set of level two units, {j}; and 𝑒𝑖{𝑗} is the 

level one residual which is assumed to be normally distributed with a mean of zero and a 

variance of 𝜎2. Equation 20 shows the level two model: 

𝛽0{𝑗} = 𝛾00 + ∑ [𝑤𝑖ℎ𝑢𝑜ℎ]ℎ∈{𝑗}  ,                                       (20) 

(Goldstein, 2010) where 𝛾00 is the average outcome; 𝑤𝑖ℎ is the weight assigned to the 

associated level one unit i for each level two unit h of the set {j}; 𝑢0ℎ  is the level two 

residual associated for level two unit h where 𝑢0ℎ  ~𝑁(0, 𝜏00); 𝑒𝑖{𝑗} is the level one 

residual associated with the level one unit i for set {j}of level two units with  

𝑒𝑖{𝑗}~𝑁(0, 𝜎2). Combining the levels one and level two models into a single equation 

leads to: 

𝑌𝑖{𝑗} = 𝛾00 + ∑ [𝑤𝑖ℎ𝑢0ℎ] + 𝑒𝑖{𝑗}ℎ∈{𝑗} .                                 (21) 

In contrast to the HLM, the MMREM allows for level one units to be associated 

with more than one level two unit. The inclusion of the 𝑤𝑖ℎ variable in the model also 
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distinguishes the MMREM from the corresponding unconditional HLM model (see 

Equations 2 and 3). The following sections will provide a discussion about the 

designation of weights in the MMREM. 

Weights 

To discuss the assignment of weights, the example of students clustered within 

elementary schools will again be used. In this example, if a non-mobile student attended 

only school S prior to the measurement of the outcome, then the MMREM model for the 

non-mobile student would correspond exactly with the standard HLM because the weight 

for school S would be equal to 1. Thus, Equation 21 becomes as follows for student i: 

𝑌𝑖{𝑆} = 𝛾00+𝑢0𝑆 + 𝑒𝑖{𝑆}.                                                   (22) 

For students who may have attended more than one elementary school prior to the 

measurement of the outcome, then the choice of weights to assign to each of the schools 

attended requires further elaboration. It is important to note that the only requirement 

pertaining to the distribution of the weights used in a MMREM is that the sum of the 

weights for each level one unit i must equal one (Goldstein, 2010). In other words, the 

following must hold: 

∑ 𝑤𝑖ℎℎ∈{𝑗} = 1.                                                   (23) 

 Applied educational researchers typically use the proportion of the timeframe of 

interest during which the student attended each of the schools as the weight. The thought 

behind this weighting assignment is that the school’s impact on the individual outcome is 

directly proportional to the amount of time the individual received education at each 
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school. For example, a student might have attended school A at time point 1, school B at 

time point 2, and school B at time point 3.  Assuming equal time spent at each school 

then the appropriate equation (based on Equation 21) would be as follows: 

𝑌𝑖{𝑗} = 𝛾00 + (1/3)𝑢0𝐴 + (2/3)𝑢0𝐵 +𝑒𝑖{𝑗}   .                                  (24) 

However, this may not necessarily be indicative of what actually happened with the 

student. If the student were to have moved to school B the day after the study started, 

then assigning a weight of one-third to school A’s effect might mismatch the reality of 

school A’s contribution. Frequently, it is not possible for the researcher to know exactly 

when a student might have moved to another school and the researcher will never know 

the true impact of each level two unit on a level one unit.  

As an alternative, other researchers assign the weighting of the subsequent 

schools based on the estimated school effect or impact. For example, it is possible that 

the student may have attended two schools for equal amounts of time, but that the second 

school might be assumed to have a greater impact on the student’s outcome because it is 

the most recent school attended. Or, it is possible that the first school had a larger impact 

because the majority of the curriculum covered on the outcome measure was taught at 

school A and not school B. This type of weighting assignment seems difficult because the 

weights will need to be estimated for each individual taking into account the variation 

between characteristics of the multiple schools attended as well as characteristics of the 

child and even of the outcome. There has not been much research conducted that has 

focused on the effect of weights’ specification on MMREM parameter estimation. 

However, before an elaboration on the methodological research focused on estimation of 
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the MMREM as well as the issue of weight assignment in the MMREM, the next section 

will discuss the addition of predictors to the MMREM to form the conditional MMREM.  

Conditional MMREM 

The conditional MMREM involves adding level one and/or level two predictors 

to the unconditional model to try and explain variability in the outcome. As presented 

above in the conventional HLM (see Equations 6 and 7), two level one predictors, X and 

M are added to the model. For the purpose of simplicity and explanation, the predictors 

are not shown using centering, although, in most cases an applied researcher would 

center the predictors.  With the addition of these predictors, the equation below shows the 

conditional MMREM:  

𝑌𝑖{𝑗} = 𝛽0{𝑗} + 𝛽1{𝑗}(𝑋𝑖{𝑗}) + 𝛽2{𝑗}(𝑀𝑖{𝑗}) + 𝑒𝑖{𝑗} ,                      (25) 

where 𝛽1{𝑗} is the expected change in 𝑌𝑖{𝑗} when 𝑋𝑖{𝑗} increases by one unit, holding all 

other predictors constant; 𝛽2{𝑗} is the change in the outcome when 𝑀𝑖{𝑗}. The level one 

predictors’ coefficients are modeled as fixed across level two units. Contextual effects, 

�̅�.𝑗 and  �̅�.𝑗 are included as predictors in the equation for the intercept at level two as 

follows: 

𝛽
0{𝑗} = 𝛾

00
+ 𝛾

01
∑ 𝑤𝑖ℎ(�̅�.ℎ)ℎ∈{𝑗} + 𝛾

02
∑ [𝑤𝑖ℎℎ∈{𝑗} (�̅�.ℎ)] + ∑ [𝑤

𝑖ℎℎ∈{𝑗} 𝑢0ℎ  ] 

𝛽
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                                                                                                                 ,             (26)                                                                        

                   𝛽
2{𝑗}

= 𝛾
20

                   

 



 36 

where 𝛾
00

 is the average outcome when 𝑋𝑖{𝑗} and 𝑀𝑖{𝑗} are equal to zero and the weighted 

averages of each level two predictor is zero; 𝛾
01

 is the change in 𝛽0{𝑗} for a one unit 

change in �̅�.ℎ, holding all other variables constant; 𝛾
02

 is the expected adjustment to in 

𝛽0{𝑗} for a one unit change in �̅�.ℎ, holding all other variables constant; 𝛾10 is the expected 

change in the outcome for a one unit change in 𝑋𝑖{𝑗} provided no other variables change; 

𝛾20 is the change in the outcome when 𝑀𝑖{𝑗} increases by one unit holding all else 

constant. The mixed model is then shown as: 





}{

.

}{

02.01}{20}{1000}{ )]([)]([)()(
jh

hih

jh

hihjijiji MwXwMXY              (27) 





}{

}{0 ][
jh

jihih euw . 

The model can be adjusted to include more or fewer predictors at levels one and two with 

various combinations of randomly varying and fixed intercept and slopes. For additional 

model presentations, see Beretvas (2010) and Goldstein (2010). 

The MMREM differs from the conventional HLM by modeling the outcome as a 

weighted function of the set of level two units’ residuals associated with each level one 

unit. The weighting variable, 𝑤𝑖ℎ, is used to weight each level two unit’s residual. In 

addition, as can be seen in Equation 27, this weight is also used to calculate a weighted 

average of each level two unit’s predictor’s value (Beretvas, 2010). With the 

conventional HLM, the level two contextual effect predictors are strictly jX . and jM . . 

With the MMREM these predictors become weighted averages of the level two 

predictor’s values across the set of schools attended by a mobile student, namely, 
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∑ 𝑤𝑖ℎ(�̅�.ℎ)ℎ∈{𝑗}  and  ∑ 𝑤𝑖ℎ(�̅�.ℎ)ℎ∈{𝑗} . For example, if student f were to have attended 

school 1 and 2 for equal amounts of time across a longitudinal study and the researcher 

believed that each school contributed equally to the outcome, then using equal weights of 

½ and ½ for each school, Equation 27 would become:  

)5.05.0()5.05.0()()( 2.1.022.1.01)2,1{20)2,1{1000}2,1{ MMXXMXY fff     (28) 

                                           )2,1{0201 )5.05.0( feuu   

If student mobility had been ignored and a conventional HLM was used instead of the 

MMREM, the researcher would need to identify only one school for each individual 

deemed mobile. In some cases, the researcher might choose to ignore the second school 

attended and base the analysis on the first school. Relating back to student f, if the first 

school attended was used, school 1, then Equation 27 from above would be modified as 

follows: 

Yf1 = γ00 + γ10(Xf1) + γ20(𝑀𝑓1) + γ01(X̅.1) + γ02(M̅.1) + ef1 + u01    .             (29) 

Here, the level two predictors are no longer a weighted average of all the schools 

attended by student f. Also, the level two residual is no longer a weighted composite of 

the two schools’ errors as is calculated using the MMREM.  

It is important to note that the decision of the weights to assign to each level two 

unit in the set {j}will not only likely impact the value of the level two residuals, u0h, but 

will also impact the value of the level two weighted composite predictor and thus 

possibly the coefficient for each level two predictor. Because of the importance of the 

weights, it is necessary to consider the possible impact of how misspecification of the 
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weights may affect the estimates of the MMREM. The next section expands on the 

methodological research that has been conducted about the use of the MMREM versus 

the conventional HLM with multiple membership data structures as well as the relevant 

research related to the choice of weight assignments with the MMREM.  

Methodological Research with the MMREM 

Methodological research assessing the functionality and estimation of the 

MMREM has been conducted. First, researchers have compared the parameter estimates 

and recovery of the MMREM with estimates from the conventional HLM. Goldstein, 

Burgess, and McConnell (2007) compared parameter and variance estimates of a 

MMREM fit to a large scale data set to the estimates produced from the same data set 

while ignoring student mobility. The data set included students at level one and schools at 

level two. The authors found that when mobility is ignored, the school effects were 

underestimated and that level two variances at different stages of schooling varied. The 

researchers emphasized the need for use of the MMREM with mobile students’ data 

when trying to appropriately rank order schools based on their posterior value added 

estimates. Ignoring mobility was found to produce incorrect results, although, in most 

cases, the rankings were not too out of order.  

As an extension to this research, Leckie (2009) examined the use of the MMREM 

with students clustered within schools and neighborhoods. The results found by 

Goldstein, et al. (2007) were replicated. It was found that the rank order of schools was 

sensitive to the modeling of student mobility. Additionally, it was found that when 
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mobility was appropriately modeled using the MMREM that the negative bias in the 

estimates of secondary schools’ and neighborhoods random effect variances was 

corrected.  

Outside of the field of education, Chandola, Clarke, Wiggins, and Bartley (2005) 

investigated the use of the MMREM with data from the medical field. Three models were 

estimated for each of the two outcome variables (physical and mental health). Model 1 

was a simple two-level model with individuals at level one clustered within household 

(level two). Model 2 was a two-level model with individuals (level one) clustered within 

residential area (level two). The third model (Model 3) was a three-level model with 

individuals at level one clustered within households at level two, clustered within 

residential area at level three. For each of the outcomes, an unconditional and conditional 

model was estimated assuming both the HLM and the MMREM. The DIC was used to 

compare model fit. Model 1 had slightly higher household variance estimates under the 

MMREM versus HLM. For Model 2 with mental health as the outcome, the residential 

area variance estimate was smaller under the MMREM as compared to the estimates 

from the conventional HLM for both the unconditional and conditional models. When 

physical functioning was the outcome variable in the conditional Model 2, the residential 

area variance estimate was again smaller under the MMREM when compared to the 

estimate under the conventional HLM, however, the unconditional MMREM estimate of 

the residential area variance was larger than the HLM estimate. One important 

contribution of this study to research on the MMREM entailed the estimation of the 

three-level MMREM model (Model 3). Across the conditional and unconditional 
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versions of Model 3, the MMREM resulted in larger household and lower residential area 

variance component estimates as compared to estimates from the conventional HLM. 

Based on these results, the authors concluded that longitudinal analyses of health should 

model the moves of individuals between residential areas and households, thus 

necessitating the use of the MMREM. These conclusions were drawn based on the 

different parameter estimates and variances found between the three models that were 

estimated and the fact that methodological research regarding the MMREM indicates that 

less bias is found when mobility is appropriately modeled versus when not. One 

important point to note is that the research does not discuss how the weights were 

assigned to the higher level units of which level one units were multiple members.  

Chung and Beretvas (2012) extended these investigations of the MMREM by 

conducting a simulation study to evaluate the impact of ignoring multiple-membership 

versus modeling it appropriately using the MMREM. The parameter estimates of the 

MMREM were compared to those for a conventional HLM estimated that recognized 

only the last school attended. The authors found that by not modeling the student 

mobility using the MMREM as compared with assuming a traditional HLM while 

recognizing only one of the schools attended by each mobile student led to substantial 

bias in the estimation of level one and two variance components. The authors also found 

substantial negative bias with the estimation of the level two predictor’s coefficient with 

the conventional HLM that increased as the percentage of mobile students increased. To 

avoid these types of biases, the MMREM is recommended for analyzing multiple-

membership datasets. However, as was mentioned previously, the use of the MMREM 
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requires researcher-specified designation of weights for the set of level-two units 

associated with each mobile level one unit. Note that in Chung and Beretvas’ study, the 

authors used the same weights in the estimating MMREM as were used to generate the 

data.  

In line with this research, Wolff Smith and Beretvas (2011) compared the 

MMREM with an HLM in which all mobile cases were deleted (HLM-delete) as well as 

an HLM in which only the last school was used as the school identifier (HLM-last 

school). Several factors were manipulated in the study: the mobility coefficient, ICC, 

percent of mobility, number of schools, and number of students per school. Each of the 

estimated conditional models contained a level-one pre-test and student mobility 

predictor. At level two, the school’s school means on these predictors were included as 

level two predictors. Results showed no bias in the fixed effects estimates for the 

coefficients of the intercept and level one pre-test predictor under the MMREM. The 

coefficient for the level two contextual effect under the MMREM was also not biased. 

However, some negative bias was found in the HLM-Delete and the HLM-Last School 

conditions for the estimation of this same parameter. For the HLM-Last School 

conditions, the coefficient of the student mobility predictor as well as the coefficient for 

the associated contextual effect was substantially positively biased. It is noted that some 

of the student and school mobility coefficients were biased in some of the MMREM 

conditions, however, no consistent pattern was discovered underlying the bias. Across all 

models, substantial bias was found for the level two variance components. For the 

MMREM and HLM-Delete models, the level two variance components were positively 
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biased, with this bias being larger in conditions with smaller cluster size. Opposite to this 

pattern, for the HLM-Last School model, the level two variance component was found to 

be negatively biased, with this bias being worse for datasets with more clusters. While the 

results of the HLM-Delete procedure were similar those of the MMREM, the researchers 

note that these two models are not equivalent. It is suggested by Wolff Smith and 

Beretvas (2011) that a pattern of mobility in which students do not have equal chances of 

being mobile would produce different results.  

As with all real datasets, procedures for handling missing data are needed. Wolff 

Smith and Beretvas (2013b) evaluated several ad hoc procedures for handling missing 

level two school identifiers using the MMREM. The first procedure, deemed the HLM-

Delete, involved deleting all mobile students from the dataset and estimating a traditional 

HLM. The MMREM-Delete procedure removed all students from the dataset that were 

missing one or more school identifiers and using the MMREM to handle the remaining 

multiple-membership data. The last procedure, MMREM-Unique, involved creation of a 

unique place-holding identifier for each missing school identifier. As a baseline, the 

MMREM-True model was also estimated which involved an analysis of the original 

dataset in which no school identifiers were missing and no variables omitted. 

Additionally, in the Wolff Smith and Beretvas (2013b) study, mobility was not randomly 

assigned as has been done in previous research, rather it was generated as a function of 

several student characteristics that were unmodeled in all estimating models (except 

MMREM-True). A more in-depth discussion of the generation of student mobility by 

these researchers is discussed in a later section. 
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Wolff Smith and Beretvas (2013b) ran a simulation study in which several design 

factors were manipulated. These included the percent of mobile students in the sample, 

the ICC value, the number of level two units, and the percent of mobile level one units 

with missing identifiers.  Results indicated that substantial positive relative parameter 

bias was found for all conditions and models except under MMREM-True for the 

coefficient of the level one pretest predictor. Even when using MMREM-True, the 

coefficient for the student mobility predictor was estimated with substantial positive 

relative parameter bias across all conditions of the MMREM-True, while the other 

models showed very substantial bias across conditions. The level-one variance 

component estimate was found to be substantially positively biased across all models and 

conditions except with the MMREM-True. The level two variance estimate was found to 

be substantially negatively biased for all conditions when using the MMREM-Delete and 

the HLM-Delete models. Bias in the estimation of the level two variance component was 

only observed in some conditions when using the MMREM-Unique. MMREM-Unique 

was found to have the least amount of bias when compared to the other ad hoc 

procedures, not including MMREM-True.  

Note that substantial bias was found in the estimate of the coefficient for the 

student mobility predictor in the MMREM-True conditions. Wolff Smith and Beretvas 

(2013b) ran several additional conditions to see if the magnitude of the true value of this 

coefficient was related to this bias. It was found that in conditions where the effect of 

mobility was stronger, the parameter estimate was less biased. The researchers concluded 

that the bias was a function of the true value of the mobility coefficient. Overall, smaller 
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effects are more difficult to estimate and therefore result in more bias. Additional 

conclusions were drawn for these results based on how mobility was generated in this 

study. Detailed discussion of how mobility was simulated in this study is be discussed in 

a later section. 

The question of how to assign weights to level two units or even which weights 

patterns are optimal to use with the MMREM has received very little attention by 

methodologists. Goldstein et al. (2007) compared the fit of MMREM models based on a 

limited set of weights patterns. Two weights patterns were used, one pattern gave more 

weight to the school most proximal to the outcome measure and less weight to early 

schools and the second gave equal weight to each school, approximating the amount of 

time the student spent at each school. It was found that the distribution of the weights by 

time associated with each level two unit resulted in the model with the best DIC value as 

compared with weights based on proximity to the outcome’s measurement. However, the 

analysis was conducted using a real data set for which the true weights to be used were 

not known. Thus, while the DIC supported the fit of one model over another, this does 

not mean that the DIC supported the correct model.  

Leckie (2009) also used a real dataset to examine the variation in parameter 

estimates of the MMREM, CCREM, and the conventional HLM. The researcher assumed 

equal weights for individuals across the schools attended, however, no analysis was 

conducted to see if there was any variation in the estimation of the parameters if a 

different set of weights were employed.  
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Wolff Smith and Beretvas (2013a) also assessed the influence of the choice of 

weight pattern assignment with the MMREM using a simulation study. The authors 

compared parameter and standard error estimates when the correct (generated) weights 

were used versus several incorrect weights patterns. The weights patterns investigated 

included an equal weights condition in which each school attended received the same 

amount of weight (1/2, 1/2 when the student attended two schools or 1/3, 1/3, 1/3 when 

the student attended three schools), as well as an unequal weights condition in which the 

most proximal school to the outcome’s measurement was give more weight than the 

previous school/schools. This weight distribution equaled (1/6, 5/6) for two schools and 

(1/6, 1/6, 4/6) for three schools. Additionally, the ICC (15% and 25%), number or 

students per school (20 and 40), and number of schools (50 and 100), and the percent of 

mobile students in the sample (10% and 20%) were manipulated. The researchers found 

that when incorrect weights were used, parameter estimates were as robust as when the 

correct weights were used regardless of study condition.  However, the generalizations of 

the findings from this study are limited due to the manner in which the data were 

generated.  More specifically, Wolff Smith and Beretvas randomly assigned mobility 

status to individuals. The authors also randomly assigned mobile students to the second 

or third school attended. However, as discussed in the earlier section describing real 

world mobility, mobility is not a randomly assigned characteristic. Rather, mobility is 

likely an endogenous predictor of student achievement because many of the variables 

correlated with student mobility are also correlated with student achievement. This then 

calls into question the generalizability of Wolff Smith and Beretvas’ results.  The current 
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study is intended to address this limitation in Wolff Smith and Beretvas’ study. The 

following section will provide an analysis of how previous methodological research 

regarding MMREM has simulated data and suggest another possible scenario. 

MOBILITY SCENARIOS IN PREVIOUS METHODOLOGICAL MMREM RESEARCH 

The majority of the previous methodological research conducted on the MMREM 

model has assigned mobility status randomly to level one units, rather than modeling 

mobility as an endogenous predictor of achievement (see, for example, Wolff Smith & 

Beretvas, 2013b). As noted, based on the applied research related to student mobility, it is 

much more plausible that mobility is not a randomly assigned condition and that there are 

predictors in addition to prior academic achievement  that serve as predictors of a 

student’s propensity to be mobile, marked by the letters X and P, respectively, in Figure 

5.  
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Figure 5. Depiction of Mobility as an Endogenous Predictor. Adapted from “A 

Comparison of Procedures for Handling Missing School Identifiers with the MMREM 

and HLM,” by Smith, L.J, 2012, unpublished doctoral dissertation, University of Texas at 

Austin, Austin, TX, p. 23.   

Figure 5 (Smith, 2012) depicts endogeneity in M as a predictor of the outcome of 

interest, Y, (e.g. reading achievement), including M as a categorical variable indicating 

the mobility status of the student, X as a student related characteristic (e.g. pretest score), 

P as a proxy for variables related to student’s propensity for being mobile (e.g., a 

composite of factors such as family structure, SES, and ethnicity) as well as the outcome 

Y, and e is the residual associated with outcome Y. The variable P is being modeled as 

correlated with the student characteristic X and as a predictor of mobility status. P could 

represent factors such as family structure, SES, and ethnicity. 
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Wolff Smith and Beretvas used the model of endogeneous mobility depicted in 

Figure 5 to simulate data used in the investigation of the impact of missing level two 

identifiers on parameter estimates when using the MMREM (2013). The likelihood of 

student mobility was predicted using the proxy variable, P, as well as prior academic 

achievement, X, as shown in the equation that follows: 
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where p(mobility) represents the probability of being mobile for student i. Using the 

student’s generated values on the predictors, X and P, their probability of being mobile 

was calculated using Equation 30. In order to determine if the student would be deemed 

mobile, a number was randomly selected from a uniform distribution [0,1]. This number 

was then compared to the student’s calculated probability of being mobile. If the number 

was less than or equal to the probability of being mobile, the student was deemed non-

mobile. If the number was greater than the probability of being mobile, then the student 

was identified as mobile.  

 While Wolff Smith and Beretvas (2013b) found this method of generating the 

likelihood of a student’s mobility to be more authentic and a better option than allowing 

each student in the dataset to have an equal opportunity to be mobile, there were several 

noticeable differences in the results of their study when compared with those found by 

other methodological research studies using MMREM. First, the final estimates of the 

coefficient for the effect of previous academic achievement, X, was found to be biased 

across all models examined, except conditions using the MMREM-True. Previous 
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researchers (Chung & Beretvas, 2012; Wolff Smith & Beretvas, 2011) did not find 

substantial parameter bias in a similar coefficient when estimating the MMREM model 

and randomly assigning mobility. Wolff Smith and Beretvas (2013b) concluded that the 

source of the bias was related to the omission of the P variable in the estimating model. 

Because P was omitted from the estimating model but was used to generate X, some of 

the explanatory power of P was credited to X. 

Wolff Smith and Beretvas (2011) also found that the HLM-Delete procedure and 

the MMREM procedure showed a similar pattern of results. The researchers used the 

equal opportunity method to simulate student mobility. However, Wolff Smith and 

Beretvas (2013b) compared the results of their HLM-Delete procedure with other 

MMREM procedures estimated in the study and found that the pattern of results between 

the models was different. This research was conducted by generating mobility as a 

function of several other student predictors. Wolff Smith and Beretvas (2013b) conclude 

that the different pattern of results found in the 2013 study is related to the differences in 

the mobility samples created by the generating procedures. The researchers conclude that 

the models perform differently based on how the mobile sample is generated.  

Because in the study by Wolff Smith and Beretvas (2013a) that investigated the 

impact of misspecifying weights when using the MMREM, mobility status was randomly 

assigned, it is anticipated that results will differ once a more realistic strategy is used for 

assigning mobility status to simulated examinees. Additionally, by more realistically 

simulating mobility, more authentic comparisons can be made that will better inform 

applied researchers. For this reason, this study will extend the work done by Wolff Smith 
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and Beretvas on the importance of correct weight selection with the MMREM by 

investigating scenarios in which mobility is generated in a more realistic fashion. 

STATEMENT OF PURPOSE 

Previous research has supported use of the MMREM over the traditional HLM as 

an appropriate way to model multiple membership data (for example Chung & Beretvas, 

2012; Leckie, 2009). The model fit of different ways of specifying weights in the 

MMREM has been empirically compared by Goldstein, Burgess, and McConnell (2007). 

Results of this study indicated that the weights specification based on time had the best 

DIC fit indices when compared to a model that gave more weight to the school that was 

most proximal to the outcome. However, because this was conducted using a real dataset, 

the true weights were not known. Also, the DIC may have supported the model based on 

time, but it is unclear which is the correct model.  

Taking this concept further, Wolff Smith and Beretvas (2013a) investigated the 

impact of misspecified weights on the MMREM’s parameter estimates through a 

simulation study. The results indicated that there were minimal effects on the fixed 

effects estimates under the misspecified weights conditions. However, in the simulation 

study that was conducted student mobility status was randomly assigned. In reality, we 

know that student movement is linked to several factors, including SES, that are 

themselves related to student outcomes like achievement. It is the focus of this research 

study to analyze the impact of the misspecification of MMREM weights on parameter 
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estimates when mobile students’ data are generated to better mimic patterns found in the 

real world. The study was designed to address the following research questions: 

1. How does weight assignment impact recovery of parameter estimates as well as 

standard errors for both fixed and random effects of an MMREM? 

2. Does the impact vary by condition (Intra-class correlation, percent of students that 

are mobile, the coefficient for the level one and level two mobility predictors, true 

and incorrectly specified weights patterns)? 

3. How does the pattern of results compare to those found by Wolff Smith and 

Beretvas (2013a)? 

A real data analysis will first be presented in order to illustrate the use of 

MMREM with mobile student data using various patterns of weight assignments to level 

two units. The real data analysis was used to inform choices of real parameter values for 

the simulation study.  

Second, a simulation study was conducted to assess the impact of weight 

assignment on recovery of fixed effects and random effects variance components 

parameters as well as standard errors associated with the fixed effects parameters. Several 

factors were manipulated. These include values for the ICC, the percent of students that 

were mobile, the coefficient for the level one and level two mobility predictors, and true 

and incorrectly specified weights patterns. To contrast with the study of weights patterns 

conducted by Wolff Smith and Beretvas (2013a), student mobility was not randomly 

assigned. The next chapter presents the real data analysis. 
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Chapter 3:  Real Data Methods and Results 

 This chapter discusses the analysis of a real dataset exhibiting a multiple 

membership structure. It begins with an introduction to the dataset, follows with the 

method used for analysis, and ends with a description of the results.  

REAL DATA METHOD 

To begin the investigation of the impact of misspecifying the weights when 

estimating a MMREM, it seems appropriate to first analyze a real data set that exhibits 

student mobility and in which weights will need to be chosen. Results from the real data 

analysis will inform some of the decisions about design conditions investigated in the 

simulation study. The following sections outline the dataset to be analyzed and the 

various weights patterns that were used to estimate the fixed and random effects 

parameters associated with said data set. 

Dataset 

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

(ECLS-K) was used as the dataset for the real data analysis. The purpose of using the real 

dataset was to assess how different assignment of school MMREM weights may have 

affected both fixed effects and random effects variance component parameter estimates. 

The dataset provides information about students from both public and private schools, as 

well as from diverse socioeconomic status and ethnicities. The diversity of the dataset is 

helpful in evaluating some of the hypothesis made about the characteristics of mobile 

students as well as the characteristics of the schools to which mobiles students move. 
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Estimating Model 

The same conditional MMREM model (see equations 25 and 26) was estimated 

paired with different weight patterns. The two weights pattern conditions are discussed 

below. Within the ECLS-K data set, three data points of interest were isolated in the 

larger pool of data, those pertaining to spring of 1
st
 grade, spring of 3rd grade, and spring 

of 5th grade. Math achievement reported as the math item response theory (IRT) scale 

score administered in the spring of 5th grade was chosen as the outcome. The spring of 

1st grade math IRT scale score was added to the unconditional model as a grand-mean 

centered level one predictor, (𝑋𝑖{𝑗} − �̅�..). A dichotomous, grand-mean-centered student 

mobility variable (see Enders & Tofighi, 2007) was included as another level one 

predictor, (𝑀𝑖{𝑗} − �̅�..) representing whether a student changed schools at any of the 

three measurement occasions. The models were estimated using MLwiN (version 2.1, 

2009). 

Weights Pattern Conditions 

To assess how the choice of weights patterns impacted the estimates of an 

MMREM, two weights patterns were used to analyze the real data set. The two 

conditions are reflective of how researchers assign weights in practice. 

Equal Weights 

 In the equal weights condition, each school a student attended in the dataset was 

assigned equal weight. If a student attended two schools, school 1 and school 2 were both 
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assigned a weight of 1/2, regardless of when the student changed schools. If a student 

attended three schools, each school was assigned a weight of 1/3. These assigned weights 

based on a student’s possible mobility pattern can be seen in the top panel of Table 1 

below. 

Table 1  

Pattern of School Attendance and Corresponding Weight Assignments by Weight 

Condition 

 School Attended in Weight Value Assigned to  

Weight 

Condition 

Spring 1
st
 

Grade  

Spring 3
rd

 

Grade  

Spring 5
th

 

Grade  

School A School B School C 

Equal A A A 1 0 0 

 A A B 1/2  1/2 0 

 A B A 1/2 1/2 0 

 A B B 1/2  1/2 0 

 A B C 1/3 1/3 1/3 

Unequal  A A A 1 0 0 

 A A B 5/9  4/9 0 

 A B A 5/9 4/9 0 

 A B B 1/9 8/9 0 

 A B C 1/9 4/9 4/9 

Unequal Weights 

 The unequal weights condition assigned weights to the schools based on the 

estimated amount of time the student spent at each school attended. The three 
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measurement occasions chosen for the analysis are equally spaced across time. Assuming 

that measurement occurred in both the spring and fall, there would be a total of 9 

opportunities to measure the student from the first time point, spring of 1
st
 grade, to the 

outcome of interest, spring of 5
th

 grade. For this reason, each one of the 9 time points is 

assigned a weight of 1/9. For simplicity’s sake, it is assumed that if a student changed 

schools between the two measurement occasions, say between the spring of 1
st
 grade and 

the spring of 3
rd

 grade, then the move occurred directly following the assessment in the 

1
st
 grade. Therefore the weight for the school at 1

st
 grade would be 1/9, and the weight for 

the school at 3
rd

 grade would be dependent upon whether the student changed schools 

between the 3
rd

 and 5
th

 grade assessments. While this may not represent the true reality 

for all mobile students in the dataset, it creates more of a disparity between the equal 

weights condition and the unequal weights condition. Also, by assuming student 

movement in this way, the schools most proximal to the outcome measure are given more 

weight than the school first attended (in certain mobility patterns). Table 1 shows all the 

possible weight assignments for both the equal weights condition as well as the unequal 

weights condition. 

 All students with incomplete data were removed from the dataset prior to 

analysis. In practice, researchers should only delete data if it is known that the data are 

missing at random. However, in the case of missing data related to students, this is rarely 

the case. Little and Rubin (1987) suggest that multiple imputation is the best way to 

handle missing data. However, the purpose of the current data analysis is merely an 

illustration used to detect variations in parameter estimates based on the weights specified 
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for an MMREM and no causal inferences will be drawn. To remove the teacher level 

clusters, one class from each school was randomly chosen. The final dataset included 

5,405 students and 1206 schools. The next section will outline the results found from the 

real data analysis. 

REAL DATA STUDY RESULTS 

This section will present and compare the fixed effects and random effects 

parameter estimates calculated using both the equal and unequal weights patterns for the 

real dataset. 

Fixed Effects and Variance Component Estimates 

Table 2 below shows the fixed effects and variance component estimates from the 

ECLS-K dataset for both the equally weighted and unequally weighted models.  
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Table 2 

Fixed and Random Effects Parameter (and Standard Error) Estimates from the ECLS-K 

Math Data 

    Models Estimated 

 Equal Weights Unequal Weights 

 Coefficient (SE) Coefficient (SE) 

Fixed Effects     

        Intercept (𝛾00) 124.705 (0.323) 124.731 (0.316) 

𝑋𝑖{𝑗} − 𝑋..
̅   (�̂�10) 0.895 (0.016) 0.895 (0.016) 

𝑀𝑖{𝑗} − 𝑀..
̅̅̅̅   (�̂�20) 0.326 (0.803) -0.305 (0.823) 

𝑋.{𝑗}̅̅ ̅̅ ̅ − 𝑋..
̅   (𝛾01) 0.152 (0.029) 0.148 (0.029) 

𝑀.{𝑗}̅̅ ̅̅ ̅̅ − 𝑀..
̅̅̅̅   (𝛾02) -1.285 (1.142) -1.008 (1.152) 

Variance Components     

 Between students 



ˆ 2  237.609 (5.508) 238.683 (5.561) 

 Between schools



ˆ 00  62.470 (6.456) 58.247 (6.072) 

 

Across the equal and unequal weights models, the fixed effects coefficients for 

the level one and level two grand mean centered achievement predictors ( 10̂
 and 01̂

, 

respectively) as well as the intercept ( 00̂
) were very close in value across choice of 

weight patterns. The same was seen for the standard error estimates associated with each 

of these parameters. Notable differences were seen between the equal and unequal 



 58 

weights conditions when comparing the estimates for the coefficients of the grand-mean-

centered mobility predictors at level one and level two. In the equal weights condition, 

the estimate for the mobility coefficient at level one, 20̂
, was 0.326. In the unequal 

weights condition, the estimate was -0.305. Additionally, substantial differences were 

seen in the estimation of the level two mobility predictor coefficient, 20̂
. In the equal 

weights condition, the parameter was estimated as -1.285. In the unequal weights 

condition, it was estimated as -1.008. 

The between-students variance 



ˆ 2  and its associated standard error showed very 

little difference between the two weights conditions. The between-school variance 



ˆ 00  

estimates showed differences between weight pattern conditions. The estimate for the 

equal weights condition was 62.470 and 58.247 for the unequal weights condition. 

Summary 

In summary, the real data analysis provided valuable insight into the potential 

effect on the parameter estimates when the weights were manipulated. However, because 

the truth is not known in a real data analysis, further exploration of the impact of the 

weights specifications should be conducted that includes a comparison with true 

parameter values. To better understand the differences, a simulation study will also be 

conducted that compares the parameter estimates from various weights patterns with the 

estimates from models using the true generated weights. The next chapter will elaborate 

on the specifics methods that were used to conduct the simulation study. 
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Chapter 4: Simulation Method 

 The purpose of this chapter is to outline the methodology that was used in a 

simulation study to investigate the impact of misspecifying weights when using the 

multiple membership random effects model (MMREM). Generating conditions, weights 

patterns to be investigated, and analysis of data will all be discussed in detail.  

SIMULATION STUDY 

The simulation study investigated the impact of the misspecification of weights 

assignments with the multiple membership random effects model (MMREM) on 

parameter and standard error estimates. As compared to previous research that randomly 

assigns student mobility, student mobility was generated using a function which 

calculated a students’ likelihood of mobility based on a variable that was also related to 

the outcome, Y.  

Generating Conditions 

In order to investigate the impact on the parameter recovery of the MMREM 

when the weights are misspecified, several factors were manipulated. These variables 

include each school’s percent of mobile students (15%, 25%), the intra-class correlation 

(ICC) (15%, 25%), and the generating value for the coefficient of the student mobility 

predictor (-0.5, -5.0) and the coefficient representing the effect of the school’s percent 

mobility on the student’s outcome (-0.5, -5.0). For the current study, sample size was not 

of interest, although future research may manipulate the number of level two units as well 
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as the number of level one units per level two unit. This investigation used a total of 100 

level two units for each dataset, which was found to provide a sufficiently large sample 

size to provide acceptable recovery of MMREM parameter values (Chung & Beretvas, 

2012). Maas and Hox (2005) suggested that the typical school size found in educational 

research is 30 students. Therefore, this study used 30 level one units per level two unit. 

Table 3 shows the combination of the design factors that were investigated in the study.  
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Table 3 

Representation of Simulation Study Conditions  

Manipulated Conditions 

Mobility ICC 20  
02  

15% 15% -0.5 -0.5 

15% 15% -0.5 -5.0 

15% 15% -5.0 -0.5 

15% 15% -5.0 -5.0 

15% 25% -0.5 -0.5 

15% 25% -0.5 -5.0 

15% 25% -5.0 -0.5 

15% 25% -5.0 -5.0 

25% 15% -0.5 -0.5 

25% 15% -0.5 -5.0 

25% 15% -5.0 -0.5 

25% 15% -5.0 -5.0 

25% 25% -0.5 -0.5 

25% 25% -0.5 -5.0 

25% 25% -5.0 -0.5 

25% 25% -5.0 -5.0 

Note. 20  is the level one coefficient for the mobility predictor. 02 is the level two 

coefficient for the mobility predictor. 
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 For each condition and weight generating pattern, 3 different weights patterns 

were used to estimate the model. The weights patterns as well as a fuller justification for 

the choice of manipulated factors are discussed in the next sections. 

Mobility Rate 

Chung and Beretvas (2012) as well as Wolff Smith and Beretvas (2011) analyzed 

mobility rates of 10% and 20% representing mild and moderate degrees of mobility, 

respectively. The real data analysis conducted on the subset of ECLS-K data found a 

mobility rate of 17%. Burkam, Lee, and Dwyer (2009) reported that by the end of 3
rd

 

grade, only half of the students have remained in the same school in which they started 

kindergarten and approximately 36% of this sample changed schools once. To best 

represent real life situations, this study compared mobility rates classified as low and 

moderate mobility. Low mobility rates were the condition that represented the average 

mobility of the sample of 15%. Moderate mobility was defined as the average school 

mobility of that sample as 25%. 

Intra-class Correlation Coefficient 

The residual intra-class correlation coefficient (ICC) is defined as the proportion 

of the total variance that is attributed to level two units after the addition of predictors 

into the model (see Equation 5). The ICCs investigated in the current study were chosen 

based on an analysis conducted by Spybrook and Raudenbush (2009) in which the 

researchers discussed the precision and technical accuracy of group-randomized trials 

aimed at investigating educational outcomes. As part of the investigation of each study’s 
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precision, the researchers discussed four different studies in which the ICCs of 

educational outcomes were analyzed. These studies revealed that the ICCs ranged from 

0.10 to 0.29. Based on this data, values for the ICCs investigated in the current study 

included 0.15 and 0.25.  

An analysis of a subset of the ECLS-K dataset revealed a level one variance, 𝜎2, 

estimate of 200 (Wolff Smith & Beretvas, 2011). The current study used the same 

generating value for the level one variance. The value of the level two variance 

component varied based on the ICC condition and was calculated using: 

     
)(1

)(200
00

ICC

ICC


 .               (31)  

Number of Level Two Units Assigned to Each Level One Unit 

Mantzicopoulous and Knutson (2000) reported that the mean number of schools 

attended by students within three years was 1.30 with a standard deviation of 1.28. 

Hanushek, Kain, and Rivkin (2004) report that nearly one third of the students in their 

sample attended more than one school and that five percent of the sample moved schools 

multiple times. To mirror what a researcher may encounter in real life scenarios, the 

maximum number of schools an individual can attend was set to three. Regardless of 

mobility condition, of the students deemed mobile, 62.5% of the students were assigned 

to attend two schools and 37.5% were assigned to three schools. 
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Coefficient of Level-one and Level-two Mobility Predictors 

Wolff Smith and Beretvas (2011) investigated the influence of the magnitude of 

the coefficient of the level two mobility predictors. Results indicated some impact on the 

estimates of the fixed effects. Wolff Smith and Beretvas (2013b) ran several additional 

conditions in which the coefficient of the level one mobility predictor was changed from 

having a small effect of -0.5 to a large effect of -5.0. Results indicated that a larger true 

coefficient was better recovered. Based on these conclusions, two values of the level one 

mobility coefficient, -0.5 and -5.0, as well as two values of the level two mobility 

coefficient, -0.5 and -5.0, were investigated to help assess whether the true value of the 

mobility predictor’s effect influenced parameter recovery.  

Generation and Estimation 

For each combination of conditions, one thousand datasets were generated using 

MLwiN software (version 2.24, 2009). The details of the generating and estimating 

models are discussed in the subsequent sections. 

Generating and Estimating Models 

The generating and estimating models include two student level predictors as well 

as their contextual effects modeled as predictors at level two. Future research can extend 

the model to include additional level one and level two predictors. The student level 

predictors include a continuously scored variable, X, designed to correspond to a pretest 

score as well as a dichotomous predictor representing the student mobility status, M. The 
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level two predictors include the mean pretest score for each school as well as the degree 

of mobility for each school. The details regarding the generation of scores on each of 

these predictors is described in a section below. The generating model was as follows: 
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                            (32) 

where Yi{j} is the outcome variable for student i attending set of schools {j}, 𝑋𝑖{𝑗} is the 

student level predictor representing a pre-test score, 𝑀𝑖{𝑗} is the student level mobility 

predictor, �̅�.ℎ is the school level achievement predictor, and �̅�.ℎ is a school’s degree of 

mobility.  Based on the suggestions of Enders and Tofighi (2007), each of the predictors 

has been grand-mean-centered, including the dichotomous level one student mobility 

predictor. While this may seem out of the ordinary, the authors explain that centering all 

predictors around the grand mean, even dichotomous predictors, allows for the researcher 

to control for level-one covariates and investigate the relationship or interaction between 

the level two predictors (Enders & Tofighi, 2007) as compared to centering predictors 

around the group mean which the authors indicate is to be used when the level one 

predictor is the focus. Also, in the case of MMREM, it is more feasible to use grand mean 

centering versus group mean centering because the researcher is not required to choose 

which group mean will be used when a student is known to have attended multiple 

groups/schools in the dataset.  
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Weights Patterns 

The focus of this study was on what happens to the MMREM parameter and 

standard error (SE) estimates when weights were incorrectly specified for realistically 

simulated multiple-membership data sets. For the purposes of this research, mobile 

students were simulated to be associated with a maximum of three schools. As was done 

by Wolff Smith and Beretvas (2013a), two true weight pattern conditions were generated. 

One is termed the random equal weights pattern and the other the random unequal 

weights pattern. The process for generating the true weights for these conditions will now 

be outlined.  

For random equal weights pattern in the case when a student attended two 

schools, the weight for the first school was sampled from a uniform distribution [0,1]. 

The weight for the second school was calculated as one minus the generated weight of 

the first school. Across the generated data set, the mean weight for the first and second 

school was ½.  If a student attended three schools, the random equal weights condition 

was generated by randomly sampling each of the three school’s weight from a uniform 

distribution [0,1]. The three weights were then be summed. The original sampled weights 

were then multiplied by the inverse of their sum in order to obtain each school’s final 

weights value. This process was used to assure that the sum of the weights was equal to 

one. Across the generated dataset, the average of the weights was 1/3.  

The random unequal pattern was generated by using a similar procedure. For 

students that attended two schools, the weight of the first school was sampled from a 

uniform distribution [0,1/3]. The weight of the second school was calculated by 
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subtracting the weight of the first school from one. Across the dataset, the average of the 

weights for the first schools was 1/6 and the average of the weights for the second 

schools was 5/6. In the case that a student attends 3 schools, the first and second school’s 

weights were sampled from uniform distributions [0,1]. However, the weight of the third 

school was sampled from a uniform distribution [0,4]. As with the random equal weights 

pattern, the three initial weights were then summed. Each of the initial weights was 

multiplied by the inverse of the sum in order to obtain the final weights. The average of 

weights for the first school and second school was 1/6. The average of the weights for the 

third school was 4/6. As well as estimating the conditional MMREM using the true 

generated weights described above, the model was estimated using two additional 

weights pattern that mirror what researchers typically do in practice when the true 

weights are not known. These weight patterns were deemed the fixed equal weights and 

fixed unequal weights patterns. The first pattern, the fixed equal weights pattern, entailed 

dividing the weights equally between the schools attended, resulting in (1/2, 1/2) for each 

school when two schools were attended or (1/3, 1/3, 1/3) when three schools were 

attended. This condition represents what a researcher might do if they believed that each 

school in the dataset attributed equally to the students score on the outcome of interest. 

The second condition mimicked what a researcher might hypothesize about the relative 

contribution of schools’ impact on the outcome, called the fixed unequal weights. In this 

case, the researcher might believe that the most proximal school to the outcome of 

interest has a greater impact on the outcome such that the weight distribution was (1/6, 

5/6) when two schools were attended and (1/6, 1/6, 4/6) when three schools were 
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attended. This same weights pattern might be applied by a researcher when the timing 

between measurement occasions is uneven.  

Fixed Effects 

The generating model above (Equation 32) includes a total of five fixed effects, 

𝛾00, 𝛾10, 𝛾20, 𝛾01, and 𝛾02. The fixed effects not being manipulated in this study were set 

to the values used by Wolff Smith and Beretvas (2011) whose values were reflective of 

estimated values found from an analysis of a subset of the ECLS-K dataset. Therefore, 

the generating values for 𝛾00, 𝛾10, and 𝛾01 were 100, 1, 0.5 respectively. Values of -0.5 

and -5.0 were used for both 𝛾20 and 𝛾02 depending upon the condition (see Table2). 

Random Effects 

The variance of the level one residual, 𝜎2, was generated using a single value of 

200 across study conditions which is based on previous research (Wolff Smith & 

Beretvas, 2011; 2013). Each student’s level one residual, 𝑒𝑖{𝑗} in Equation 32, was 

randomly selected from a normal distribution with a mean of zero and a variance equal to 

200. Schools in this study were classified as either high or low achieving schools. Half of 

the schools within a condition were classified as either high or low achieving. The 

variance of the level two residuals (𝜏00) was determined by the study condition’s ICC 

value (see Equation 25). The school effects for low achieving schools was sampled from 

a normal distribution with a mean half a standard deviation less than zero and condition-

specific variance of 𝜏00. High achieving schools’ school effects was sampled from a 
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normal distribution with a mean of half a standard deviation greater than zero and a 

variance of 𝜏00. 

Predictors 

This section will discuss in detail the generation of both level one and level two 

predictor values. 

Student and School Achievement Predictors 

To begin generating individual student achievement predictors, ijX , students were 

assigned a value signifying school achievement status. Half of the students were assigned 

to the category of low performing schools and half were assigned to the category of high 

performing schools. 

The generation of school and student achievement predictors goes hand-in-hand. 

Schools in this study were classified into either high performing or low performing 

schools. Students that were assigned to a low performing school for school 1 had their Xs 

sampled from a normal distribution with a mean of 45 and a standard deviation of 10. 

The Xs for students that were assigned to a high performing school were generated by 

sampling from a normal distribution with a mean of 55 and a standard deviation of 10. In 

past research, student achievement predictors are typically sampled from a normal 

distribution with a mean of 50 and a standard deviation of 10 (Chung & Beretvas, 2012; 

Wolff Smith & Beretvas, 2011). In this study, by sampling from two distributions that 

vary from this by +/- half a standard deviation, it was possible to create a more realistic 
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sample as well as classify schools as either high- or low-achieving. These classifications 

also impacted how students move from school to school, but these are discussed in a later 

section. 

Once the student achievement predictors were assigned, the .X  for each school 

were calculated by taking the average of the corresponding level one predictor’s values 

for each school j at time point 1.  

Student Mobility Assignment 

Now that students were sampled from within their specified first school attended, 

each student’s value on the mobility predictor was generated. Because applied 

researchers have indicated that low achieving students are more likely to be mobile 

(Mehana & Reynolds, 2004; Reynolds, Chen, & Herbers, 2009), the log odds of student 

i’s being mobile was generated as a function of the student’s value on the pre-test 

achievement variable, X, as follows: 

i
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Using some simple algebra, Equation 33 can be arranged to provide the mobility 

probability for student i using: 
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As was conducted by Smith (2012), a brief simulation was conducted in order to 

establish appropriate values for the 𝛽0 and 𝛽1 by condition such that the correct, 

condition-specific percentage of students were assigned to be mobile. The simulation 
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consisted of generating 50,000 students as well as their achievement predictors. For half 

of the students, the achievement predictors were sampled from the distributions assigned 

to low schools (normal distribution with a mean of 45 and a standard deviation of 10) and 

the other half’s achievement predictors were sampled from the high schools’ distribution 

(normal with a mean of 55 and a standard deviation of 10). The results indicated that for 

the condition in which 25% of the students were to be mobile, the optimum values for 𝛽0 

and 𝛽1 are -1.65 and -1.83, subsequently. For the condition in which 15% of the students 

were to be mobile, the optimum value of 𝛽0 was -2.68 and 𝛽1 was -1.94. Based on these 

values, the probability of being mobile was calculated for each student based on Equation 

34. A random number was then selected from a uniform distribution [0, 1] for each 

student. This number was compared to the student’s calculated probability of being 

mobile. If the number was less than or equal to the probability of being mobile, the 

student was identified as mobile (M=1). If the number was greater than the calculated 

probability of being mobile, then the student was identified as being non-mobile (M=0). 

As a result of using Equation 34, the likelihood of student mobility was higher for 

students with lower X values.  

The idea of using a likelihood function to generate mobility is not new. Smith 

(2012) used a likelihood function to generate the probability of a student’s mobility. 

However, in this case, Smith included the achievement predictor as well as a proxy 

variable to encompass all the additional factors that are related to student mobility in the 

generation of mobility as well as in the generating model. However, Smith omitted the 

proxy variable from the estimating models thereby introducing some omitted variable 
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bias that unnecessarily complicated results. To avoid omitted variable bias, in this study 

only one variable related to mobility, student achievement, X, was included in the 

likelihood function to generate the likelihood of mobility as well as in the generating and 

estimating models. It is well known that other variables are related to mobility, but this 

study focused on this more parsimonious model. Future research might investigate a 

more complex estimating and generating MMREMs as well as more complicated 

functions predicting a student’s likelihood of mobility.   

The next section will discuss how each school’s average mobility was calculated. 

School Average Mobility Determination 

The average mobility was calculated for the set of students associated with each 

school. This represented the value of �̅�.ℎ for that school. The next section will address 

how the second school attended was selected for mobile students.  

Generation of Mobility from School to School 

 The majority of previous researchers investigating the efficacy of the MMREM 

under varying conditions have randomly assigned student mobility as well as randomly 

assigning the set of schools attended by mobile students (Meyers & Beretvas, 2006; 

Chung & Beretvas, 2012; Wolff Smith & Beretvas, 2011). However, applied researchers 

have indicated that students who are lower performing and mobile tend to move to a 

neighboring school or to a school with characteristics similar to the first school attended 

(Mantzicopoulos & Knutson, 2000; Leckie, 2009). Smith (2012) ordered schools by 
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performance level and selected the second school by adding 1 to the school identifier, 

resulting in students moving to schools with similar performance to that of their first 

school. For all conditions, students that were designated to attend a low performing 

school were randomly assigned a school identifier from between 1 and 50 for the first 

school. If a student was mobile and selected to attend two schools, the second school 

assignment was chosen by adding 1 to the first school identifier. If the first school 

assigned had an identifier of 50, the second school’s identifier was 1.  If a student was 

deemed mobile and chosen to attend 3 schools, the identifier for the third school was 1 

greater than the identifier for the second school. If the second school’s identifier was 50, 

then the third school’s identifier was 1. This procedure, as well as how the assignment of 

schools for students designated to attend a high school at time 1, is shown Table 4 below. 
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Table 4 

School Assignment 

Low/High 

Performing 

Schools 

Mobility 

Status 

Attended 

Low/High 

Performing 

Schools 

S1 S2 S3 

Low: 1-50 

High: 51-100 

NM Low 

Performing 

Randomly 

selected 

between 1 

and 50 

Same as S1 Same as S1 

 NM High 

Performing 

Randomly 

selected 

between 51 

and 100 

Same as S1 Same as S1 

 M2 Low 

Performing 

Randomly 

selected 

between 1 

and 50 

If S1=50, then 

S2=1; 

otherwise 

S2=S1+1 

Same as S2 

 M2 High 

Performing 

Randomly 

selected 

between 51 

and 100 

If S1=100, 

then S2=1; 

otherwise 

S2=S1+1 

Same as S2 

 M3 Low 

Performing 

Randomly 

selected 

between 1 

and 50 

If S1=50, then 

S2=1; 

otherwise 

S2=S1+1 

If S2=50, then 

S3=1; otherwise 

S2=S1+1 

 M3 High 

Performing 

Randomly 

selected 

between 51 

and 100 

If S1=100, 

then S2=1; 

otherwise 

S2=S1+1 

If S2=100, then 

S3=1; otherwise 

S3=S2+1 

Note. NM= non-mobile, M2=Mobile with 2 schools assigned, M3= mobile with 3 schools 

assigned, S1=school 1, S2=school 2, S3= school 3.  
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 The next section will discuss the estimation of the models. 

Estimation Procedure 

To estimate parameters and standard errors of each weight pattern used within a 

weights generating condition, MLwiN software’s (version 2.24, 2009) Markov Chain 

Monte Carlo (MCMC) estimation procedure which employs Gibbs and Metropolis-

Hastings sampling was used. For additional information about the estimation procedure 

see Browne (2009). To match what previous researchers have found to provide sufficient 

iterations and burn-in iterations for stable estimates (Chung & Beretvas, 2012), a total of 

50,000 iterations was run with an initial burn-in of 5,000.  

ANALYSES 

The goal of the analyses was to examine how well each of the study conditions 

recovers parameter estimates as well as standard errors. Relative parameter bias as well 

as standard error bias (Hoogland & Boomsma, 1998) was calculated for each fixed effect, 

namely 00 , 10 , 20 , 01 , 02 . Relative parameter bias was calculated for each random 

effects variance component estimate , 2 , and 00 . The following sections define the 

specific details of these bias measures. 
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Relative Parameter Bias 

For each of the parameters estimated in the study, 
00 , 

10 , 
20 , 

01 , 
02 , 2 , 

and
00 , relative parameter bias was calculated. The formula for calculating relative 

parameter bias is as follows: 

j

jj

j
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)ˆ(                                                     (35) 

(Hoogland & Boomsma, 1998). In this equation, j  represents the true value for 

parameter j and ĵ is the estimate of parameter j averaged across the 1,000 replications of 

each condition. Hoogland and Boomsma (1998) indicate that a parameter is substantially 

biased if the calculated relative parameter bias is greater than 0.05. If an estimated 

parameter varied by more than 5% of its true value, the estimate was considered to be 

substantially biased.  

Relative Standard Error Bias 

For each of the fixed effects parameters estimated in a condition, relative standard 

error bias was calculated. The formula for relative standard error bias is shown below: 
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(Hoogland & Boomsma, 1998) where j
ŝˆ is the standard error of parameter j averaged 

across the 1,000 replications and 
j

 ˆ is the true standard error of parameter j. The true 
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standard error, 
j

 ˆ , is considered to be the standard error of the distribution of the 1,000 

estimates of parameter j. According to Hoogland and Boomsma (1998), a parameter is 

classified as having substantial relative standard error bias when the calculated bias 

exceeds 0.10. Essentially, a parameter was considered to have substantial relative SE bias 

when the estimated standard error of the parameter differed from the true standard error 

by more than 10%. 
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Chapter 5:  Simulation Results 

This chapter shares the results of the current simulation, the purpose of which was 

to compare fixed and random effects variance component parameter estimates for 

estimated models in which the weights patterns varied across various generating 

conditions. Two true weights patterns were generated, termed the true random equal 

weights and the true random unequal weights conditions, and matching correct models 

estimated. For each generating condition, in addition to estimating the relevant true 

model, two models in which the weights patterns were misspecified were estimated, 

including the fixed equal weights and fixed unequal weights. Relative parameter bias for 

fixed effects estimates as well as random effects variance component estimates were 

calculated and compared for each estimated model and generating condition. In addition, 

relative standard error bias for the fixed effects estimates was calculated and compared.  

RELATIVE PARAMETER BIAS 

Relative parameter bias was calculated for each fixed effects estimate and random 

effects variance component estimate. In this study, the parameters estimated include the 

intercept, 00 ,the coefficients for student level achievement predictor, 10 , the student 

level mobility predictor, 20 , the school level achievement predictor, 01  , the school 

level mobility predictor, 02 , the level one variance component, 2 , and the level two 
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variance component, 00 . A parameter was said to have substantial bias if the bias 

exceeded a magnitude of 0.05 (Hoogland & Boomsma, 1998). 

Intercept, 00  

Table 5 shows the relative parameter bias for 00 , the intercept, by condition and 

weight pattern used to estimate the model. Regardless of condition or weight pattern 

used, no substantial relative parameter bias was found. 
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Table 5  

Estimates of Relative Parameter Bias
a
 for the Intercept, 00 , by Condition and Weight 

Pattern Used ( 00 =100) 

Note. m= percent mobility; true= the randomly generated weights pattern was used to 

estimate the model; highlighted values indicate substantial bias;  
a
 Values in the table are multiplied by 10

-4
 

  Weight Patterns Used to Generate and When Estimating Model 

Manipulated Conditions 

 Random Equal  

Generating Pattern 

 Random Unequal  

Generating Pattern 

m ICC 20  02  
 

True 

Fixed 

Equal 

Fixed 

Unequal  True 

Fixed 

Equal 

Fixed 

Unequal 

15% 15% -0.5 -0.5  2.050 2.010 2.010  1.910 1.840 1.850 

15% 15% -0.5 -5.0  1.370 1.330 1.210  0.780 0.840 0.800 

15% 15% -5.0 -0.5  -1.060 -1.110 -1.100  -1.300 -1.220 -1.300 

15% 15% -5.0 -5.0  -1.280 -1.370 -1.500  -1.940 -1.790 -1.940 

15% 25% -0.5 -0.5  -1.490 -1.500 -1.540  -1.780 -1.610 -1.820 

15% 25% -0.5 -5.0  -1.710 -1.770 -1.960  -2.380 -2.130 -2.360 

15% 25% -5.0 -0.5  -1.780 -1.810 -1.780  -1.980 -1.760 -1.930 

15% 25% -5.0 -5.0  -1.870 -1.940 -2.090  -2.470 -2.250 -2.540 

25% 15% -0.5 -0.5  -0.300 -0.390 -0.390  -0.900 -0.640 -0.910 

25% 15% -0.5 -5.0  -0.970 -1.020 -1.190  -1.790 -1.620 -1.850 

25% 15% -5.0 -0.5  -0.300 -0.290 -0.380  -0.770 -0.540 -0.850 

25% 15% -5.0 -5.0  -1.240 -1.350 -1.430  -2.020 -1.870 -2.050 

25% 25% -0.5 -0.5  -0.870 -0.990 -1.120  -1.520 -1.160 -1.620 

25% 25% -0.5 -5.0  -1.740 -1.770 -1.950  -2.690 -2.370 -2.800 

25% 25% -5.0 -0.5  -0.960 -0.920 -1.060  -1.610 -1.160 -1.710 

25% 25% -5.0 -5.0  -1.640 -1.740 -2.060  -2.710 -2.320 -2.800 
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Student Achievement Predictor Coefficient, 10  

Relative parameter bias estimates of the coefficient of the student achievement 

predictor, X, are shown in Table 6. As is shown in Table 6, no substantial relative 

parameter bias was found in any condition or for any of the different weight patterns 

used.  
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Table 6  

Estimates of Relative Parameter Bias of the Student Achievement Predictor Coefficient, 

10 , by Condition and Weight Pattern Used  ( 10 =1) 

Note. m= percent mobility; true= the randomly generated weights pattern was used to 

estimate the model; highlighted values indicate substantial bias. 

  Weight Patterns Used to Generate and When Estimating Model 

Manipulated Conditions  
Random Equal Generating 

Pattern 

 Random Unequal Generating 

Pattern 

m ICC 20  02   True 

Fixed 

Equal 

Fixed 

Unequal  True 

Fixed 

Equal 

Fixed 

Unequal 

15% 15% -0.5 -0.5  0.001 0.000 0.000  0.000 0.000 0.000 

15% 15% -0.5 -5.0  0.001 0.001 0.001  0.001 0.001 0.001 

15% 15% -5.0 -0.5  0.001 0.001 0.001  0.001 0.001 0.001 

15% 15% -5.0 -5.0  0.002 0.002 0.002  0.001 0.001 0.001 

15% 25% -0.5 -0.5  0.000 0.000 0.000  0.000 0.000 0.000 

15% 25% -0.5 -5.0  0.000 0.000 0.000  0.000 0.000 0.000 

15% 25% -5.0 -0.5  -0.001 -0.001 -0.001  -0.001 -0.001 -0.001 

15% 25% -5.0 -5.0  -0.001 -0.001 -0.001  -0.002 -0.001 -0.001 

25% 15% -0.5 -0.5  0.001 0.001 0.001  0.001 0.001 0.001 

25% 15% -0.5 -5.0  0.000 0.000 0.001  0.000 0.000 0.000 

25% 15% -5.0 -0.5  0.002 0.002 0.002  0.002 0.002 0.002 

25% 15% -5.0 -5.0  0.001 0.001 0.002  0.001 0.001 0.001 

25% 25% -0.5 -0.5  0.002 0.001 0.001  0.001 0.001 0.001 

25% 25% -0.5 -5.0  0.000 0.000 0.000  0.000 0.000 0.000 

25% 25% -5.0 -0.5  -0.001 -0.001 -0.001  -0.002 -0.001 -0.001 

25% 25% -5.0 -5.0  0.000 0.000 0.000  0.000 0.000 0.000 
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Student Mobility Predictor Coefficient, 20  

Table 7 shows the estimated relative parameter bias for the student mobility 

predictor coefficient, 20 . As indicated in Table 7, substantial relative parameter bias was 

detected in conditions where the true generating value of 20  was -0.5. In conditions 

where substantial bias was detected, the coefficient was underestimated by 10 to 21 

percent. No substantial bias for 20  was found in conditions where the true generating 

value was equal to -5.0. In conditions in which substantial bias was found, within a 

weight generating pattern (ie. random equal, random unequal), the bias did not seem to 

vary based on the weight pattern (true, fixed equal, or fixed unequal) used to estimate the 

model. However, when comparing across the two patterns for the weights used to 

generate the data, random equal versus random unequal, less negative bias was observed 

when data were generated using the random unequal pattern as compared to the 

parameter estimates when the random equal generating pattern was used to generate the 

data. On average, the difference in the bias seems to vary by approximately 2%. 

When an ICC value of 15% was used to generate the data, larger negative bias 

was found for 20 when the true value of the school level achievement predictor, 02 , was 

-5.0, regardless of the true value of 20 . However, when the ICC value to generate the 

data was 25%, the opposite pattern was observed in that less negative bias was found 

when the true value of 02  was -5.0.  
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Table 7  

Estimates of Relative Parameter Bias of the Student Mobility Predictor Coefficient, 20  , 

by Condition and Weight Pattern Used 

Note. m= percent mobility; true= the randomly generated weights pattern was used to 

estimate the model; highlighted values indicate substantial bias. 

  Weight Patterns Used to Generate and When Estimating Model 

Manipulated Conditions  
Random Equal Generating 

Pattern 

 Random Unequal Generating 

Pattern 

m ICC 20  02   True 

Fixed 

Equal 

Fixed 

Unequal  True 

Fixed 

Equal 

Fixed 

Unequal 

15% 15% -0.5 -0.5  -0.103 -0.101 -0.107  -0.087 -0.077 -0.084 

15% 15% -0.5 -5.0  -0.243 -0.238 -0.275  -0.208 -0.166 -0.215 

15% 15% -5.0 -0.5  -0.004 -0.003 -0.003  -0.001 -0.001 -0.001 

15% 15% -5.0 -5.0  -0.011 -0.010 -0.014  -0.009 -0.005 -0.009 

15% 25% -0.5 -0.5  -0.234 -0.233 -0.226  -0.212 -0.218 -0.210 

15% 25% -0.5 -5.0  -0.225 -0.221 -0.255  -0.208 -0.169 -0.219 

15% 25% -5.0 -0.5  -0.022 -0.022 -0.022  -0.021 -0.022 -0.022 

15% 25% -5.0 -5.0  -0.015 -0.015 -0.016  -0.012 -0.010 -0.012 

25% 15% -0.5 -0.5  -0.127 -0.120 -0.119  -0.099 -0.103 -0.098 

25% 15% -0.5 -5.0  -0.144 -0.136 -0.163  -0.124 -0.088 -0.125 

25% 15% -5.0 -0.5  -0.017 -0.017 -0.016  -0.014 -0.015 -0.014 

25% 15% -5.0 -5.0  -0.020 -0.020 -0.023  -0.020 -0.016 -0.020 

25% 25% -0.5 -0.5  -0.213 -0.206 -0.209  -0.196 -0.191 -0.191 

25% 25% -0.5 -5.0  -0.156 -0.153 -0.169  -0.143 -0.109 -0.137 

25% 25% -5.0 -0.5  -0.018 -0.019 -0.019  -0.016 -0.015 -0.015 

25% 25% -5.0 -5.0  -0.017 -0.016 -0.018  -0.014 -0.010 -0.014 
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School Achievement Predictor Coefficient, 01  

The relative parameter estimates for the school achievement predictor coefficient, 

01 , are shown in Table 8. Very substantial positive parameter bias was found across all 

conditions and weight pattern used to estimate the model. Larger positive parameter bias 

was observed for conditions in which the ICC was equal to 25%. For example, when the 

true random equal weights were used to estimate the model and the generating value of 

the ICC was 15%, mobility was 15%, 20  was -0.5, and 02  was -0.5, the relative 

parameter bias was estimated to be 1.033. When the ICC value increased to 25% and all 

the other generating values were the same as already mentioned, the estimated parameter 

bias was 1.397.  

Within a condition and weight generating pattern, the bias observed across the 

three weight patterns used (true, fixed equal, and fixed unequal) varied by no more than a 

magnitude of 0.015. 
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Table 8  

Estimates of Relative Parameter Bias of the School Achievement Predictor Coefficient, 

01 , by Condition and Weight Pattern Used ( 01 =0.5) 

Note. m= percent mobility; true= the randomly generated weights pattern was used to 

estimate the model; highlighted values indicate substantial bias. 

  Weight Patterns Used to Generate and When Estimating Model 

Manipulated Conditions  
Random Equal Generating 

Pattern 

 Random Unequal Generating 

Pattern 

m ICC 20  02   True 

Fixed 

Equal 

Fixed 

Unequal  True 

Fixed 

Equal 

Fixed 

Unequal 

15% 15% -0.5 -0.5  1.033 1.038 1.032  1.032 1.039 1.034 

15% 15% -0.5 -5.0  1.042 1.046 1.038  1.040 1.050 1.041 

15% 15% -5.0 -0.5  1.038 1.042 1.036  1.037 1.043 1.038 

15% 15% -5.0 -5.0  1.046 1.050 1.042  1.045 1.055 1.047 

15% 25% -0.5 -0.5  1.397 1.408 1.392  1.389 1.411 1.393 

15% 25% -0.5 -5.0  1.397 1.407 1.387  1.387 1.416 1.391 

15% 25% -5.0 -0.5  1.392 1.401 1.386  1.382 1.403 1.385 

15% 25% -5.0 -5.0  1.410 1.421 1.402  1.402 1.428 1.405 

25% 15% -0.5 -0.5  1.009 1.017 1.003  1.002 1.019 1.004 

25% 15% -0.5 -5.0  1.029 1.037 1.022  1.023 1.044 1.026 

25% 15% -5.0 -0.5  1.020 1.030 1.017  1.016 1.032 1.018 

25% 15% -5.0 -5.0  1.021 1.030 1.013  1.013 1.035 1.015 

25% 25% -0.5 -0.5  1.348 1.368 1.334  1.322 1.375 1.329 

25% 25% -0.5 -5.0  1.353 1.373 1.335  1.325 1.385 1.332 

25% 25% -5.0 -0.5  1.351 1.368 1.337  1.325 1.373 1.330 

25% 25% -5.0 -5.0  1.346 1.363 1.324  1.318 1.379 1.324 
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School Mobility Predictor Coefficient, 02  

Table 9 contains the relative parameter bias estimates for the school mobility 

predictor coefficient, 02 . Across conditions and weight patterns used, there was very 

substantial negative relative parameter bias with values ranging from -0.534 to -13.484. 

The more negative bias values were observed in conditions where the true generating 

value of 02  was equal to -0.5. Summarizing across all other conditions, the relative 

parameter bias of 02  was approximately 10 times more negative when the true 

generating values was equal to -0.5 as when compared to -5.0. The average relative 

parameter bias when 02  was generated using a value of -0.5 was -0.180 as compared 

with bias of -0.016 when the generating value for the parameter was -5.0. 

For the random equal generating pattern, the values of the estimated parameter 

bias when using the true weights almost equaled the parameter bias calculated for the 

fixed equal weights across conditions. The bias found when estimating the model using 

fixed unequal weights was substantially more negative when compared to the bias found 

when estimating the model using the true random equal weights.  

For the random unequal generating pattern, the calculated parameter bias when 

the true generated weights were used to estimate the model was most similar to the 

parameter bias calculated when using the fixed unequal weight pattern. However, unlike 

with the random equal pattern, the parameter bias estimates when using the fixed equal 

weights were less negative than those calculated when using the true random unequal 

weights. 
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Across conditions and weight patterns used, there was more negative bias found 

in conditions in which the generated ICC was 25% compared to 15%. The average bias 

when the ICC was generated as 15% was -0.154 versus -0.207 when the generating ICC 

was 25%.  
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Table 9  

Estimates of Relative Parameter Bias of the School Mobility Predictor Coefficient, 02 , 

by Condition and Weight Pattern Used 

Note. m= percent mobility; true= the randomly generated weights pattern was used to 

estimate the model; highlighted values indicate substantial bias. 

  Weight Patterns Used to Generate and When Estimating Model 

Manipulated Conditions  
Random Equal Generating 

Pattern 

 Random Unequal Generating 

Pattern 

m ICC 20  02   True 

Fixed 

Equal 

Fixed 

Unequal  True 

Fixed 

Equal 

Fixed 

Unequal 

15% 15% -0.5 -0.5  -7.400 -7.782 -10.770  -9.900 -7.249 -10.101 

15% 15% -0.5 -5.0  -0.741 -0.762 -1.074  -0.951 -0.714 -0.958 

15% 15% -5.0 -0.5  -7.513 -7.543 -10.554  -9.860 -7.210 -10.143 

15% 15% -5.0 -5.0  -0.811 -0.860 -1.209  -1.050 -0.821 -1.087 

15% 25% -0.5 -0.5  -8.682 -8.758 -13.484  -12.478 -8.249 -12.791 

15% 25% -0.5 -5.0  -0.858 -0.860 -1.430  -1.235 -0.812 -1.275 

15% 25% -5.0 -0.5  -8.911 -8.577 -12.583  -11.957 -8.211 -12.200 

15% 25% -5.0 -5.0  -0.986 -1.009 -1.524  -1.364 -0.955 -1.394 

25% 15% -0.5 -0.5  -6.151 -6.714 -10.100  -9.124 -5.755 -9.238 

25% 15% -0.5 -5.0  -0.654 -0.691 -1.093  -0.895 -0.623 -0.930 

25% 15% -5.0 -0.5  -7.064 -7.310 -10.627  -9.502 -6.483 -9.784 

25% 15% -5.0 -5.0  -0.643 -0.665 -1.058  -0.871 -0.580 -0.899 

25% 25% -0.5 -0.5  -7.202 -7.142 -12.447  -10.963 -6.192 -11.406 

25% 25% -0.5 -5.0  -0.635 -0.642 -1.269  -1.029 -0.534 -1.083 

25% 25% -5.0 -0.5  -6.930 -7.034 -12.520  -11.099 -5.890 -11.399 

25% 25% -5.0 -5.0  -0.692 -0.708 -1.368  -1.105 -0.593 -1.138 
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Level One Random Effects Variance, 2  

The relative parameter bias estimates for the level one variance component, 2 , 

are shown in Table 10. No substantial parameter bias was found across conditions and 

weight pattern used.  
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Table 10  

Estimates of Relative Parameter Bias of the Level One Random Effects Variance 

Component, 2 , by Condition and Weight Pattern Used ( 2 =200) 

Note. m= percent mobility; true= the randomly generated weights pattern was used to 

estimate the model; highlighted values indicate substantial bias. 

  Weight Patterns Used to Generate and When Estimating Model 

Manipulated Conditions  
Random Equal Generating 

Pattern 

 Random Unequal Generating 

Pattern 

m ICC 20  02   True 

Fixed 

Equal 

Fixed 

Unequal  True 

Fixed 

Equal 

Fixed 

Unequal 

15% 15% -0.5 -0.5  0.001 0.005 0.010  0.001 0.007 0.002 

15% 15% -0.5 -5.0  0.001 0.005 0.010  0.001 0.007 0.002 

15% 15% -5.0 -0.5  0.001 0.005 0.010  0.001 0.007 0.002 

15% 15% -5.0 -5.0  0.001 0.005 0.010  0.001 0.007 0.002 

15% 25% -0.5 -0.5  0.001 0.008 0.018  0.001 0.013 0.003 

15% 25% -0.5 -5.0  0.001 0.009 0.018  0.001 0.012 0.003 

15% 25% -5.0 -0.5  0.001 0.009 0.018  0.001 0.013 0.003 

15% 25% -5.0 -5.0  0.001 0.008 0.018  0.001 0.013 0.003 

25% 15% -0.5 -0.5  0.001 0.008 0.016  0.001 0.011 0.003 

25% 15% -0.5 -5.0  0.001 0.008 0.016  0.001 0.011 0.003 

25% 15% -5.0 -0.5  0.001 0.008 0.016  0.001 0.011 0.003 

25% 15% -5.0 -5.0  0.001 0.008 0.016  0.001 0.011 0.003 

25% 25% -0.5 -0.5  0.001 0.014 0.029  0.001 0.020 0.005 

25% 25% -0.5 -5.0  0.002 0.014 0.030  0.002 0.020 0.005 

25% 25% -5.0 -0.5  0.001 0.014 0.029  0.002 0.020 0.005 

25% 25% -5.0 -5.0  0.001 0.014 0.029  0.001 0.020 0.005 
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Level Two Random Effects Variance, 00  

Table 11 shows the calculated relative parameter bias for the level two variance 

component, 00 . No substantial relative parameter bias was seen across conditions and 

weight pattern used to estimate the model when the percent mobility was generated to 

equal to 15%.  

In scenarios where the percent mobility was 25%, and the true generating pattern 

for the weights was random equal, substantial negative relative parameter bias was found 

when the misspecified fixed unequal weights pattern was used to estimate the model. 

When the misspecified fixed equal weight pattern was used, the parameter bias was found 

to closely approximate that of the model estimated using the true random equal weights. 

This same pattern of results was not observed in conditions when the random unequal 

weight pattern was used to generate the data (see Table 11). However, there were several 

conditions in which substantial positive bias was found when the misspecified fixed equal 

weights pattern was used to estimate the model.  
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Table 11  

Estimates of Relative Parameter Bias of the Level Two Random Effects Variance 

Component, 00
, by Condition and Weight Pattern Used 

Note. m= percent mobility; true= the randomly generated weights pattern was used to 

estimate the model; highlighted values indicate substantial bias. 

  Weight Patterns Used to Generate and When Estimating Model 

Manipulated Conditions  
Random Equal Generating 

Pattern 

 Random Unequal Generating 

Pattern 

m ICC 20  02   
True 

Fixed 

Equal 

Fixed 

Unequal  True 

Fixed 

Equal 

Fixed 

Unequal 

15% 15% -0.5 -0.5  0.047 0.045 -0.023  0.044 0.046 0.041 

15% 15% -0.5 -5.0  0.047 0.046 -0.022  0.045 0.048 0.042 

15% 15% -5.0 -0.5  0.045 0.044 -0.022  0.044 0.045 0.041 

15% 15% -5.0 -5.0  0.040 0.040 -0.027  0.040 0.041 0.037 

15% 25% -0.5 -0.5  0.048 0.048 -0.020  0.048 0.050 0.044 

15% 25% -0.5 -5.0  0.044 0.044 -0.026  0.042 0.046 0.039 

15% 25% -5.0 -0.5  0.046 0.046 -0.022  0.046 0.048 0.042 

15% 25% -5.0 -5.0  0.044 0.043 -0.025  0.042 0.044 0.039 

25% 15% -0.5 -0.5  0.041 0.041 -0.075  0.039 0.045 0.034 

25% 15% -0.5 -5.0  0.044 0.043 -0.071  0.043 0.047 0.038 

25% 15% -5.0 -0.5  0.047 0.047 -0.069  0.045 0.051 0.040 

25% 15% -5.0 -5.0  0.040 0.040 -0.077  0.038 0.044 0.033 

25% 25% -0.5 -0.5  0.053 0.052 -0.066  0.049 0.055 0.044 

25% 25% -0.5 -5.0  0.049 0.049 -0.070  0.047 0.053 0.041 

25% 25% -5.0 -0.5  0.045 0.045 -0.072  0.043 0.048 0.038 

25% 25% -5.0 -5.0  0.051 0.049 -0.067  0.048 0.053 0.042 
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RELATIVE STANDARD ERROR BIAS 

Relative standard error (SE) bias was calculated for the fixed effects by condition 

and weight pattern used. Based on the recommendation of Hoogland and Boomsma 

(1998), relative SE bias estimates greater than 0.1 in magnitude were considered 

substantial. 

Intercept, 00  

 Table 12 contains the relative standard error bias of the estimates of the intercept, 

00  by condition and weight pattern used in the estimating model. Very substantial SE 

bias was found across all conditions and models. Within each of the two generating 

weight patterns, the SE bias results were most similar for the fixed weight pattern used 

with the estimating model that most closely mirrored the true generated weights pattern. 

For example, when the generated weights pattern was random equal, the SE bias 

calculated when estimating using the true random equal weights was most similar to the 

bias found when using the fixed equal weights for each condition. The same pattern was 

seen for the random unequal conditions. The bias from the true random unequal weights 

model was most similar in value to the bias found when using the fixed unequal weights. 

Additionally, in cases where the true generating pattern was most mismatched with the 

weights used for the estimated model (e.g., the generating weight pattern was random 

equal and fixed unequal weights were used), then the SE bias for the misspecified model 

was smaller in magnitude than the SE bias for the model estimated using the true weights. 
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 Across conditions, the SE bias increased when the ICC changed from 15% to 

25%. 
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Table 12  

Estimates of Relative Standard Error Bias of the Estimates of the Intercept, 00 , by 

Condition and Weight Pattern Used 

Note. m= percent mobility; true= the randomly generated weights pattern was used to 

estimate the model; highlighted values indicate substantial bias. 

  Weight Patterns Used to Generate and When Estimating Model 

Manipulated Conditions  
Random Equal Generating 

Pattern 

 Random Unequal Generating 

Pattern 

m ICC 20  02   True 

Fixed 

Equal 

Fixed 

Unequal  True 

Fixed 

Equal 

Fixed 

Unequal 

15% 15% -0.5 -0.5  8.337 8.058 7.596  8.144 7.724 8.067 

15% 15% -0.5 -5.0  8.310 7.994 7.551  8.064 7.687 7.981 

15% 15% -5.0 -0.5  8.471 8.157 7.546  8.237 8.018 8.161 

15% 15% -5.0 -5.0  8.649 8.479 8.108  8.478 7.892 8.352 

15% 25% -0.5 -0.5  9.356 8.903 8.272  9.146 8.634 9.065 

15% 25% -0.5 -5.0  9.189 8.612 8.110  9.040 8.426 8.876 

15% 25% -5.0 -0.5  9.337 8.892 8.237  9.240 8.794 9.130 

15% 25% -5.0 -5.0  9.408 9.053 8.548  9.403 8.614 9.195 

25% 15% -0.5 -0.5  8.281 7.864 7.067  8.147 7.526 7.912 

25% 15% -0.5 -5.0  8.513 8.189 7.382  8.468 7.837 8.264 

25% 15% -5.0 -0.5  8.662 8.206 7.423  8.377 7.731 8.248 

25% 15% -5.0 -5.0  8.346 8.002 7.272  8.092 7.466 7.935 

25% 25% -0.5 -0.5  9.555 8.765 7.889  9.403 8.302 9.113 

25% 25% -0.5 -5.0  9.331 8.694 7.962  9.356 8.183 9.145 

25% 25% -5.0 -0.5  9.435 8.852 7.972  9.063 7.944 8.737 

25% 25% -5.0 -5.0  9.079 8.506 7.654  9.115 8.164 8.858 
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Student Achievement Predictor Coefficient, 10  

 No substantial standard error bias was found for the student achievement 

predictor coefficient, 10 , for any condition or weight pattern used to estimate the model 

(see Table 13). 
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Table 13  

Estimates of Relative Standard Error Bias of the Estimates of the Student Achievement 

Predictor, 10 , by Condition and Weight Pattern Used 

Note. m= percent mobility; true= the randomly generated weights pattern was used to 

estimate the model; highlighted values indicate substantial bias. 

  Weight Patterns Used to Generate and When Estimating Model 

Manipulated Conditions  
Random Equal Generating 

Pattern 

 Random Unequal Generating 

Pattern 

m ICC 20  02   True 

Fixed 

Equal 

Fixed 

Unequal  True 

Fixed 

Equal 

Fixed 

Unequal 

15% 15% -0.5 -0.5  -0.048 -0.047 -0.046  -0.046 -0.045 -0.046 

15% 15% -0.5 -5.0  -0.001 -0.001 0.003  0.004 0.001 0.004 

15% 15% -5.0 -0.5  -0.008 -0.006 -0.005  -0.007 -0.005 -0.007 

15% 15% -5.0 -5.0  -0.025 -0.022 -0.020  -0.025 -0.025 -0.025 

15% 25% -0.5 -0.5  -0.025 -0.026 -0.026  -0.028 -0.024 -0.028 

15% 25% -0.5 -5.0  -0.028 -0.029 -0.027  -0.028 -0.025 -0.027 

15% 25% -5.0 -0.5  -0.046 -0.041 -0.034  -0.044 -0.048 -0.045 

15% 25% -5.0 -5.0  0.029 0.030 0.029  0.028 0.034 0.029 

25% 15% -0.5 -0.5  0.005 0.009 0.013  0.004 0.004 0.007 

25% 15% -0.5 -5.0  -0.018 -0.016 -0.016  -0.019 -0.015 -0.018 

25% 15% -5.0 -0.5  -0.028 -0.023 -0.018  -0.025 -0.024 -0.024 

25% 15% -5.0 -5.0  -0.014 -0.016 -0.014  -0.018 -0.015 -0.017 

25% 25% -0.5 -0.5  0.041 0.046 0.050  0.041 0.042 0.041 

25% 25% -0.5 -5.0  0.022 0.023 0.029  0.016 0.020 0.019 

25% 25% -5.0 -0.5  0.001 0.006 0.005  0.000 0.003 -0.003 

25% 25% -5.0 -5.0  -0.048 -0.047 -0.047  -0.053 -0.049 -0.052 
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Student Mobility Predictor Coefficient, 20  

Table 14 shows the relative standard error bias for the estimates of the student 

mobility predictor coefficient, 20 . Across conditions and weight pattern used, no 

substantial SE bias was found. 
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Table 14  

Estimates of Relative Standard Error Bias of the Estimates of the Student Mobility 

Predictor, 20 , by Condition and Weight Pattern Used 

Note. m= percent mobility; true= the randomly generated weights pattern was used to 

estimate the model; highlighted values indicate substantial bias. 

  Weight Patterns Used to Generate and When Estimating Model 

Manipulated Conditions  
Random Equal Generating 

Pattern 

 Random Unequal Generating 

Pattern 

m ICC 20  02   True 

Fixed 

Equal 

Fixed 

Unequal  True 

Fixed 

Equal 

Fixed 

Unequal 

15% 15% -0.5 -0.5  -0.024 -0.027 -0.026  -0.023 -0.037 -0.028 

15% 15% -0.5 -5.0  0.007 0.001 0.011  0.014 -0.007 0.012 

15% 15% -5.0 -0.5  -0.028 -0.043 -0.041  -0.026 -0.034 -0.024 

15% 15% -5.0 -5.0  0.000 -0.004 0.000  -0.002 -0.019 -0.005 

15% 25% -0.5 -0.5  -0.018 -0.024 -0.015  -0.019 -0.051 -0.026 

15% 25% -0.5 -5.0  -0.009 -0.014 -0.024  -0.010 -0.023 -0.015 

15% 25% -5.0 -0.5  0.006 0.002 0.000  0.001 -0.022 -0.001 

15% 25% -5.0 -5.0  0.010 -0.005 -0.019  0.001 -0.006 0.002 

25% 15% -0.5 -0.5  -0.010 -0.013 -0.007  -0.011 -0.025 -0.012 

25% 15% -0.5 -5.0  0.002 -0.001 0.001  0.001 -0.004 0.001 

25% 15% -5.0 -0.5  -0.049 -0.060 -0.059  -0.054 -0.055 -0.054 

25% 15% -5.0 -5.0  0.021 0.018 0.016  0.023 0.015 0.018 

25% 25% -0.5 -0.5  0.026 0.013 0.019  0.031 0.014 0.030 

25% 25% -0.5 -5.0  -0.012 -0.018 -0.017  -0.007 -0.018 -0.006 

25% 25% -5.0 -0.5  0.002 -0.005 -0.007  -0.009 -0.020 -0.011 

25% 25% -5.0 -5.0  0.004 -0.012 -0.013  0.002 -0.010 -0.003 
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School Achievement Predictor Coefficient, 01  

Table 15 shows the relative SE bias for the estimates of the school achievement 

predictor coefficient, 01 , by condition and weight pattern used. No substantial SE bias 

was detected. 
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Table 15  

Estimates of Relative Standard Error Bias of the Estimates of the School Achievement 

Predictor, 01 , by Condition and Weight Pattern Used 

Note. m= percent mobility; true= the randomly generated weights pattern was used to 

estimate the model; highlighted values indicate substantial bias. 

  Weight Patterns Used to Generate and When Estimating Model 

Manipulated Conditions  
Random Equal Generating 

Pattern 

 Random Unequal Generating 

Pattern 

m ICC 20  02   True 

Fixed 

Equal 

Fixed 

Unequal  True 

Fixed 

Equal 

Fixed 

Unequal 

15% 15% -0.5 -0.5  0.011 0.012 -0.019  0.009 0.012 0.007 

15% 15% -0.5 -5.0  -0.003 -0.003 -0.029  -0.005 -0.004 -0.006 

15% 15% -5.0 -0.5  0.024 0.020 -0.005  0.021 0.020 0.022 

15% 15% -5.0 -5.0  0.021 0.018 -0.005  0.020 0.018 0.021 

15% 25% -0.5 -0.5  -0.024 -0.021 -0.057  -0.023 -0.018 -0.023 

15% 25% -0.5 -5.0  -0.048 -0.054 -0.086  -0.050 -0.050 -0.051 

15% 25% -5.0 -0.5  -0.011 -0.010 -0.048  -0.002 -0.001 -0.004 

15% 25% -5.0 -5.0  0.020 0.024 -0.008  0.024 0.024 0.024 

25% 15% -0.5 -0.5  0.010 0.012 -0.037  0.011 0.016 0.012 

25% 15% -0.5 -5.0  0.030 0.028 -0.018  0.034 0.033 0.030 

25% 15% -5.0 -0.5  0.006 0.008 -0.042  0.004 0.015 0.005 

25% 15% -5.0 -5.0  -0.020 -0.016 -0.069  -0.026 -0.011 -0.025 

25% 25% -0.5 -0.5  0.033 0.029 -0.032  0.038 0.041 0.039 

25% 25% -0.5 -5.0  0.020 0.018 -0.049  0.012 0.019 0.011 

25% 25% -5.0 -0.5  0.032 0.034 -0.036  0.029 0.033 0.027 

25% 25% -5.0 -5.0  0.036 0.037 -0.042  0.030 0.046 0.028 
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School Mobility Predictor Coefficient, 02  

 Substantial negative SE bias was found for the school mobility predictor 

coefficient, 02  in most conditions when the generating weights pattern was random 

equal and fixed unequal weights were used to estimate the model (see Table 16). Holding 

all other manipulated variables constant, the bias became more negative as the ICC 

increased from 15% to 25%.  

 Although no substantial SE bias was found for any condition or weight pattern 

used when the true generating weight pattern was random unequal, the bias was more 

negative when the fixed equal weights were used than those observed when the true 

random unequal weights or the fixed unequal weights were used.  
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Table 16  

Estimates of Relative Standard Error Bias of the Estimates of the School Mobility 

Predictor, 02 , by Condition and Weight Pattern Used 

Note. m= percent mobility; true= the randomly generated weights pattern was used to 

estimate the model; highlighted values indicate substantial bias. 

  

  Weight Patterns Used to Generate and When Estimating Model 

Manipulated Conditions  
Random Equal Generating 

Pattern 

 Random Unequal Generating 

Pattern 

m ICC 20  02   True 

Fixed 

Equal 

Fixed 

Unequal  True 

Fixed 

Equal 

Fixed 

Unequal 

15% 15% -0.5 -0.5  -0.023 -0.025 -0.089  -0.020 -0.043 -0.025 

15% 15% -0.5 -5.0  -0.065 -0.048 -0.116  -0.045 -0.065 -0.044 

15% 15% -5.0 -0.5  0.019 -0.004 -0.088  -0.012 -0.021 -0.007 

15% 15% -5.0 -5.0  -0.004 -0.023 -0.104  -0.024 -0.031 -0.025 

15% 25% -0.5 -0.5  -0.003 -0.019 -0.130  -0.042 -0.054 -0.029 

15% 25% -0.5 -5.0  0.001 -0.018 -0.127  -0.015 -0.038 -0.032 

15% 25% -5.0 -0.5  -0.010 -0.003 -0.115  0.004 -0.030 -0.007 

15% 25% -5.0 -5.0  -0.009 -0.021 -0.131  -0.009 -0.036 -0.023 

25% 15% -0.5 -0.5  0.005 -0.008 -0.099  -0.007 -0.049 -0.015 

25% 15% -0.5 -5.0  -0.013 -0.007 -0.092  -0.007 -0.037 -0.005 

25% 15% -5.0 -0.5  -0.037 -0.040 -0.109  -0.035 -0.086 -0.035 

25% 15% -5.0 -5.0  -0.050 -0.022 -0.108  -0.024 -0.056 -0.031 

25% 25% -0.5 -0.5  -0.011 -0.006 -0.111  -0.005 -0.090 -0.009 

25% 25% -0.5 -5.0  -0.016 -0.009 -0.144  -0.022 -0.076 -0.028 

25% 25% -5.0 -0.5  -0.037 -0.034 -0.150  -0.007 -0.089 -0.013 

25% 25% -5.0 -5.0  0.029 0.039 -0.104  0.038 -0.039 0.045 
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Chapter 6:  Discussion 

The purpose of the simulation study was to determine how different weight 

patterns used when estimating the MMREM impacted the estimates of the fixed effects 

and their associated standard errors as well as the estimates of the random effects 

variance components under various conditions when mobility is assigned more 

realistically. To generate the data, half of the schools were assigned as either low 

performing or high performing. Students were then randomly assigned to schools. If the 

student was assigned to a low performing school, then their value on the pre-test 

achievement predictor, X, was sampled from a distribution with a lower mean than if the 

student were assigned to a high performing school. The student’s likelihood of being 

mobile was generated to be a function of their value on X, in that the lower the value on 

X, the more likely a student was to be deemed mobile.  

The model was then estimated for each condition using several weight patterns. 

Relative parameter bias was calculated for the fixed effects and random effects variance 

components. Relative standard error bias was calculated for the estimates of the standard 

errors of the fixed effects. 

Substantial relative parameter bias was found for estimates of the student mobility 

predictor coefficient, 20 , the school achievement predictor coefficient, 01 , the school 

mobility predictor coefficient, 02 , and the level two random effects variance component, 

00 . Relative standard error bias was found for standard error estimates associated with 

the intercept, 00  and the school mobility predictor coefficient, 02 . This chapter 
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discusses in detail the results, how they align with previous research, and the possible 

implications of these results. Limitations of the current simulation are presented along 

with suggestion for possible future research directions. In addition, a discussion of the 

importance of the research as well as overall conclusions is included. 

RELATIVE PARAMETER BIAS 

The estimates of the coefficients of the level one student mobility predictor, 20  

(see Table 7), the level two school achievement predictor,
01  (see Table 8), the level two 

school mobility predictor,
02 (see Table 9), and the level two random effects variance 

component, 
00 (see Table 11) were found to have substantial relative parameter bias. No 

substantial parameter bias was found for the estimates of the coefficient of the intercept, 

00 , (see Table 5), the coefficient of the level one student achievement predictor, 10  (see 

Table 6), or the level one random effects variance component, 2  (see Table 12).  

Intercept, 00  

No substantial parameter bias was found across conditions and weight pattern 

used for the intercept, 00 . This matches the work in previous, related methodological 

research which also found no substantial parameter bias for the estimates of the intercept 

(Wolff Smith & Beretvas, 2011; Chung & Beretvas, 2012; Wolff Smith & Beretvas, 

2013a). 
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Student Achievement Predictor Coefficient, 
10  

No substantial parameter bias was found in estimates of the student achievement 

predictor coefficient, 
10  in any condition or for any weight pattern used. Additionally, 

no substantial bias was anticipated as previous researchers investigating estimation of a 

similar MMREM had found no parameter bias for this coefficient (Wolff Smith & 

Beretvas, 2011; Smith, 2012; Wolff Smith & Beretvas, 2013a).  

Student Mobility Predictor Coefficient, 
20  

Substantial negative parameter bias was found in some conditions for the 

coefficient of the student mobility predictor, 
20 . The bias was isolated to conditions in 

which the true generating value of the coefficient was -0.5 (see Table 7). When the true 

generating value decreased to -5.0, no substantial parameter bias was found.  

It was anticipated that conditions in which the true generating value of the student 

mobility coefficient was smaller would have substantial bias. Wolff Smith and Beretvas 

(2011) as well as Wolff Smith and Beretvas (2013a) used a similar model to that which 

was estimated in this simulation as well as using a true generating value of -0.5. They 

found substantial bias in some conditions of the MMREM, although in both studies, the 

bias was neither consistently negative nor positive across conditions. However, both of 

these studies generated student mobility randomly. 

Smith (2012) generated mobility more realistically, as was done in this 

simulation. However, the procedure used for generating mobility modeled mobility as an 
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endogenous predictor of achievement. A variable that represented student’s propensity 

for being mobile, P, was used to generate mobility as well as included in the generating 

model. When this variable was included in the generating model, but not the estimating 

model, very substantial negative parameter bias of the coefficient of student mobility was 

found when estimating the MMREM. By then estimating the true model which included 

predictor P, it was determined that the majority of the bias found was caused by omitted 

variable bias. However, unlike the results found by previous researchers, estimates of the 

parameter were still found to be substantially biased across all conditions. Wolff Smith 

and Beretvas (2011) found evidence that the magnitude of the true generating value of the 

level two mobility coefficient had an impact on its recovery. Smith then hypothesized 

that the magnitude of the true generating value of the level one mobility coefficient could 

possibly contribute to the parameter bias that was seen in their simulation results. When 

Smith (2012) changed the true generating value of the coefficient to -5.0, some of the 

conditions using the true MMREM in which parameter bias was originally found no 

longer exhibited bias, however there were some conditions in which substantial bias was 

still found. Results of the current simulation resulted in no substantial bias in all 

conditions in which the true generating value of the coefficient was -5.0. The true 

MMREM used by Smith did not include any predictors at level two. It is possible that the 

addition of predictors at level two by the current simulation could have helped to better 

recover the student mobility predictor coefficient.  

Regarding the weights used to estimate the model, within a generating pattern, 

little difference is noted in the calculated bias of the student mobility coefficient 
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regardless of which weight pattern was used to estimate the model (true, fixed equal, or 

fixed unequal). The bias found in this simulation appears to be instead primarily a 

function of the true value of the student mobility coefficient. As was concluded by Smith 

(2012), smaller effects appear to be more difficult to recover and thus result in more 

biased estimates.  

School Achievement Predictor Coefficient, 01  

The estimates of the coefficient of the school mobility predictor, 
01 , were found 

to be substantially biased across all conditions (see Table 8). More bias was observed in 

conditions in which the generating ICC value was equal to 25% when compared to the 

bias calculated for the same condition but the generating ICC value was 15%.  

The magnitude of the bias observed in this simulation is much larger in magnitude 

than that found by previous researchers (Wolff Smith & Beretvas, 2011; Wolff Smith & 

Beretvas, 2013a). However, since there is more bias in 02  than in previous research, and 

these two variables are generated to be correlated, it makes sense that more bias was 

observed for 01  in this simulation. However, further investigation was conducted to see 

if the cause of the bias may be due to poor parameter recovery caused by the true value of 

the coefficient. It seems likely that if it is difficult to recover small effects for the student 

and school mobility predictor coefficients, that the same may be true for the school 

achievement predictor coefficient. To test this hypothesis, additional conditions were 
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generated in which the true generating value of 
01  was set to 5.0. The results for each 

condition and weight pattern used to estimate the model are shown in Table 17. 

Table 17 

Estimates of Relative Parameter Bias of the School Achievement Predictor Coefficient,

01 , by Condition and Weight Pattern Used (
01 =5.0) 

Note. m= percent mobility; true= the randomly generated weights pattern was used to 

estimate the model; highlighted values indicate substantial bias. 

  

  Weight Patterns Used to Generate and When Estimating Model 

Manipulated Conditions 
 Random Equal  

Generating Pattern 

 Random Unequal  

Generating Pattern 

m ICC 20  
02   

True 

Fixed 

Equal 

Fixed 

Unequal  True 

Fixed 

Equal 

Fixed 

Unequal 

15% 15% -0.5 -0.5  0.103 0.104 0.099  0.103 0.105 0.103 

15% 15% -0.5 -5.0  0.104 0.105 0.100  0.104 0.106 0.104 

15% 15% -5.0 -0.5  0.104 0.104 0.100  0.104 0.105 0.104 

15% 15% -5.0 -5.0  0.105 0.105 0.100  0.105 0.106 0.105 

15% 25% -0.5 -0.5  0.140 0.141 0.134  0.139 0.143 0.139 

15% 25% -0.5 -5.0  0.140 0.141 0.134  0.139 0.144 0.139 

15% 25% -5.0 -0.5  0.139 0.140 0.134  0.138 0.142 0.138 

15% 25% -5.0 -5.0  0.141 0.142 0.135  0.140 0.145 0.140 

25% 15% -0.5 -0.5  0.101 0.102 0.094  0.100 0.103 0.100 

25% 15% -0.5 -5.0  0.103 0.104 0.096  0.102 0.105 0.102 

25% 15% -5.0 -0.5  0.102 0.103 0.096  0.102 0.104 0.101 

25% 15% -5.0 -5.0  0.102 0.103 0.095  0.101 0.104 0.101 

25% 25% -0.5 -0.5  0.135 0.137 0.126  0.132 0.140 0.132 

25% 25% -0.5 -5.0  0.135 0.137 0.126  0.133 0.141 0.133 

25% 25% -5.0 -0.5  0.135 0.137 0.127  0.132 0.140 0.132 

25% 25% -5.0 -5.0  0.135 0.136 0.125  0.132 0.140 0.132 
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When the true value of the coefficient was increased from 0.5 to 5.0, the 

parameter bias found to decrease by a factor of 10, the same factor by which the true 

value of the coefficient was increased. This was very similar to the results from by Smith 

(2012) when evaluating the level one mobility predictor coefficient. When the true 

generating value of the student mobility predictor was changed from -0.5 to -5.0, the bias 

estimates decreased by a factor of 10 as well. The researcher concluded that the 

magnitude of the bias was a function of the true value of the coefficient, in such that 

smaller effects are more difficult to recover. The same conclusion applies here as well.  

In addition, it is possible that some of the bias observed for the school 

achievement predictor could be caused by omitted variable bias resulting from how the 

data were generated. Omitted variable bias is the deletion of an independent variable that 

has a correlation with the outcome as well as other independent variables (Barreto & 

Howland, 2005). Smith (2012) attributed the majority of the bias found in the fixed 

effects estimates when using her MMREM model to omitted variable bias because a 

student propensity-for-mobility variable was used to generate mobility, but was not 

included in the estimating MMREM. Smith found that when the propensity variable was 

included in the estimating model, the bias related to the fixed effects estimates was 

greatly reduced. In the current simulation, while a variable was not omitted from the 

estimating model per se, several relationships were created when generating the data that 

were not modeled. For example, the schools were assigned to a performance level, low or 

high, and then students’ values on the pre-test achievement predictor X were sampled 

from within normal distributions specific to the type of school for which they were 



 112 

assigned. A function of the student pre-test achievement predictor was then used to 

generate mobility. By generating the data this way, several dependent relationships were 

created that were not modeled. Specifically, the dependencies between the level two 

residuals and the level one and level two predictors are not modeled and could therefore 

have caused omitted variable bias associated with the estimates of the fixed effects, and 

in this particular scenario, the fixed effect associated with the school achievement 

predictor. 

As was found by Wolff Smith and Beretvas (2013a), there was very little 

noticeable difference observed in the bias of 01  across the three weight patterns used 

(true, fixed equal, fixed unequal) within a weight generating pattern and condition. 

School Mobility Predictor Coefficient, 
02  

Substantial relative parameter bias in estimates of the school mobility predictor 

coefficient, 02 , was found in all conditions (see Table 9). Conditions in which the true 

generating value of the coefficient was equal to -0.5 exhibited severe bias (with 

underestimates as large as 1,100%). This bias decreased by a factor of 10 when the true 

generating value of the coefficient was -5.0. This is similar to the pattern observed above 

regarding the relative parameter bias of the 01  coefficient, as well as the pattern 

observed by Smith (2013) for the student mobility coefficient. In addition, regardless of 

the true generating value of 02 , the parameter bias became larger in conditions in which 

the ICC increased from 15% to 25%, however, less bias was observed for conditions in 
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which the percent mobility increased from 15% to 25%. When the percent mobility was 

25%, the bias observed is less negative than when the percent mobility was 15%. 

Previous researchers have found substantial parameter bias in some conditions 

when estimating a similar model to the one in this study. In their investigation of the 

misspecification of weights, Wolff Smith and Beretvas (2013a) found that the school 

mobility predictor coefficient was biased in the majority of the conditions investigated; 

however, the true generating value of the coefficient was -5.0. Wolff Smith and Beretvas 

(2011), investigated how varying the true generating value of the 02  coefficient affected 

relative parameter bias. They generated the data using values of 
02 , -2.5 and -5.0 and 

then estimated the MMREM. While there were variations in the bias of each of the 

conditions estimated, there was no clear pattern underlying the bias. Although the bias 

found in the current simulation when the true generating value of the school mobility 

predictor was -5.0 is much larger than that found in comparable studies; mobility in the 

two previous studies was randomly assigned.  

To generate mobility in the current simulation, first two classifications of schools 

were created, low achieving and high achieving, and students were randomly assigned to 

one of the two school categories. Students’ values on the pre-test achievement variable, 

X, were then sampled from different distributions based on whether the student was 

assigned to a low performing or high performing school. Mobility was then assigned as a 

function of the students’ value on X. Because students with lower values on X were more 

likely to be designated as mobile, the number of mobile students is more concentrated in 

the lower achieving schools than the higher achieving school, unlike in previous research 
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in which it was more likely that mobility was evenly spread across the schools because 

mobility was randomly assigned. It is possible that the bias found in this study associated 

with the school mobility predictor coefficient was also a result of how mobile students 

were selected to attend lower performing schools and non-mobile students were not. This 

is because while relationships between the student pre-test predictor, student mobility, 

and school achievement designation were created to generate the data, they were not 

modeled. By not modeling these relationships, some of the bias found for the school 

mobility coefficient could also be due to omitted variable bias, with some of the 

explanatory power of the unmodeled relationships being attributed to the modeled school 

mobility predictor. Smith (2012) mentions that it is difficult to know what variables and 

relationships to include in a model and to what degree the omission will impact parameter 

estimates.  

Regarding the misspecification of weights, unlike the results found by Wolff 

Smith and Beretvas (2013a), some notable patterns were observed. When the data were 

generated using the true weights as random equal, the relative parameter bias calculated 

when using the true weights was found to closely approximate the bias calculated when 

using the misspecified fixed equal weights. When the weights were misspecified as fixed 

unequal, the parameter bias was substantially more negative. For example, when the true 

generating value of 02  was -5.0, with 15% mobility, and an ICC of 15%, the bias when 

using the true random equal weights was -7.400, the bias when the fixed equal weights 

were used was -7.782, and the bias for the fixed unequal weights was -10.770. Across 

conditions when the random equal weights pattern was used to generate the data, the 
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parameter bias calculated when misspecifying the weights as fixed unequal was always 

more negatively biased. When the data were generating using the true random unequal 

weight pattern, the bias when the true weights were used was most similar to the bias 

when the fixed unequal weights were used. However, unlike with the random equal 

weights, the bias found for the fixed equal weights pattern was less negative. 

The results indicate that when the weights are misspecified with a weight pattern 

that most closely mirrors the average weights of the true generating weights, then the 

parameter bias of the school mobility coefficient is similar. For example, the true 

generating weights pattern random equal was generated such that the average weight 

assigned for school one and school two across students was 1/2. If 3 schools were 

attended by the student, the average weight for each school across individuals was 1/3. 

These averages are the same as the fixed equal weights values. Therefore, it is reasonable 

that the results indicate that the parameter bias of the school mobility coefficient when 

using the true random equal weights is similar to the bias found when using the fixed 

equal weight pattern. The same pattern was observed when the true random unequal 

weights were used and the more closely aligned fixed unequal weights were used. 

Although, with the random unequal generating pattern the bias was similar for when true 

random unequal weights were used and the fixed unequal weights were used, it is unclear 

why less bias was found when the fixed equal weights were used.  
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Level One Random Effects Variance, 
2  

No condition or weights pattern used resulted in substantial parameter bias for the 

level one random effects variance component, 
2 . Wolff Smith and Beretvas (2013a) as 

well as Chung and Beretvas (2012) also found that estimates of this random effect 

variance were not substantially biased.  

Level Two Random Effects Variance, 
00  

In some conditions, substantial relative parameter bias was found for the estimates 

of the level two random effects variance component, 
00  (see Table 11). The substantial 

bias was isolated to conditions in which the percent mobility was 25% and to conditions 

in which the misspecified weights were most mismatched to the true generating weights. 

For example, when the true generating weights were random equal, no substantial bias 

was found when estimating the model with the true weights or the fixed equal weights, 

but substantial negative bias was found when the fixed unequal weights were used.  

The level two random effects variance component, 00  also showed some 

variations in the bias within the random equal weights generating pattern when the 

percent mobility was 25%, such that if the weights were misspecified as fixed unequal, 

the relative parameter bias was substantially negative. No substantial bias was found 

when the true random equal weights were used as well as when the fixed equal weights 

were used. 
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When the data were generated using the random unequal weights pattern, some 

substantial bias was found when the fixed equal weights were used to estimate the model. 

However, this bias was very close to the 0.05 criteria used to determine substantial bias 

(the largest value found was 0.055). Also, the difference between the biases found using 

the true weights versus using the fixed equal weights was of little practical importance. 

The largest difference in magnitude was 0.006. 

It was anticipated that some conditions in which the true weights were used would 

also have substantial bias in accordance with previous research (Wolff Smith & Beretvas, 

2011; Smith, 2012). However, this was not found in the current research. The most likely 

reason that no bias was found in the current simulation is due to the number of level two 

units. The previous researcher manipulated the number of level two units and mostly 

found bias in conditions in which the number of level two units was equal to 50 or less. 

The current simulation used a minimum of 100 level two units, as it was not focused on 

the impact of level two units on relative parameter bias. 

RELATIVE STANDARD ERROR BIAS 

Substantial relative standard error bias was found for estimates of the intercept, 

00  (see Table 12), in all conditions assessed. In some conditions of the school mobility 

predictor coefficient, 02  (see Table 16), substantial SE bias was found. No substantial 

relative standard error bias was found for the other fixed effects estimates, 10 , 20 , or 

01 .This aligns with the results found by Smith (2012). 
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Intercept, 
00  

Very substantial positive standard error bias of the intercept, 
00 , was found 

across conditions (see Table 12). More bias was observed in conditions where the 

generating value of the ICC was 15% versus 25%.  

In regards to the weights pattern chosen to estimate the model, less SE bias was 

observed for both the true generating pattern random equal and random unequal weights 

when the fixed equal weights were used to estimate the model as when compared to the 

SE bias found when the true weights were used.  

The fact that there was relative standard error bias associated with the estimates of 

the intercept is in line with what previous researcher have found when estimating the 

MMREM. Chung and Beretvas (2012) found substantial negative standard error bias 

associated with the intercept. Smith (2012) also found substantial bias in the standard 

error estimates of the intercept, although the bias was positive. In neither of these two 

studies was the standard error of the intercept as grossly overestimated as here. While the 

source of the overestimation in the current simulation is unclear, it is possible that the 

strong correlation between the level one predictors as well as the level one with the level 

two predictors could contribute to some of the SE bias observed. This is because 

multicollinearity has been found to inflate the SEs in HLM (Shieh & Fouladi, 2003). 

One potential cause of the standard error bias found for the estimates of the 

intercept could be related to the way the data were generated in the current simulation 

compared to how they were generated by Chung and Beretvas (2012) and Smith (2012). 
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Chung and Beretvas (2012) assigned mobility randomly. Smith (2012) generated 

mobility as a function of the student achievement predictor and a propensity-for-mobility 

predictor. Because in the current simulation mobility was generated as a function of 

student achievement, student mobility and student achievement are highly correlated. 

This correlation could have led to multicollinearity. While previous research using a 

similar MMREM model probably had some multicollinearity between the student 

achievement predictor and the student mobility predictor, these studies did not assess SE 

bias (Wolff Smith & Beretvas, 2011; Wolff Smith & Beretvas, 2013a). Additionally, the 

fact that level two predictors were functions of the multicollinear level-1 predictors might 

have created additional sources of multicollinearity (Kreft & de Leeuw, 1998). By 

generating the data by sampling the student pre-test values from normal distributions 

designated by school achievement status, there could be some degree of non-

independence between the level two residuals and the level two predictors. The true 

MMREM estimated by Smith (2012) did not include level two predictors. Chung and 

Beretvas’ (2012) generating and estimating models included a predictor at level one and a 

predictor at level two, however, the level two predictor was not generated to be related to 

the level one predictor. 

While there is no research regarding the impact of multicollinearity on the 

MMREM, some research has been conducted into the impacts of multicollinearity on 

parameter and standard error estimates of multilevel models. This research indicates that 

multicollinearity could explain some of the standard error bias that was found in this 

simulation. 
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Shieh and Fouladi (2003) investigated how the presence of multicollinearity 

among level one predictors impacted relative parameter and standard error bias of fixed 

effects and random effects variance components of a specific HLM using a Monte Carlo 

simulation. They concluded that as the degree of correlation between the level two 

predictors increased, so did the standard error bias associated with the fixed effects 

parameter estimates in the model. Although the magnitude of the standard error bias 

found in their investigation is nowhere near the magnitude observed in this simulation, 

multicollinearity could explain part of the standard error bias that was found. Also, the 

conditions in this study only evaluated the impact of a positive correlation between two 

level one predictors. It is unclear if a relatively large negative correlation, which is found 

between student achievement and student mobility, would produce the same results. 

Additionally, the predictor at level two in this study was not correlated with the 

predictors at level one. Future research could further investigate the impact of 

multicollinearity on the HLM as well as the MMREM. 

In addition, while the method to generate mobility created multicollinear 

relationships between the predictors, these relationships were not modeled and could 

therefore be thought of as being “omitted”. It is unclear if some of the bias observed in 

the SEs of the intercept can be attributed to this kind of omitted variable bias. Smith 

(2012) concluded that the omission of the level one predictor P from the estimating 

model was not the source of the SE bias of the intercept. However, the model used by 

Smith was less complex compared to the model used in the current simulation in that it 

did not include any level two predictors. The way the data were generated in the current 
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simulation created complex relationships between the level one and level two predictors 

and residuals that were not modeled. It is possible that these “omitted” relationships 

could have caused some of the SE bias found for the intercept. 

Overall, while the standard errors of the intercept in the current simulation were 

grossly overestimated, applied researchers are typically more interested in the statistical 

significance of predictors on the outcome, rather than the intercept. By overestimating the 

SE of the intercept, a researcher testing statistical significance of 00  would have deflated 

type I error rates and therefore inferences would be overly conservative. 

Student Achievement Predictor Coefficient, 
10  

No substantial standard error bias was found for the student achievement 

predictor coefficient, 
10 . In a similar study, Smith (2012) also found no substantial 

standard error bias for this coefficient.  

Student Mobility Predictor Coefficient, 20  

The standard errors for the student mobility predictor coefficient, 20 , were found 

to exhibit no substantial SE bias across conditions and weight pattern used. This aligns 

with the results found by Smith (2012). Other researchers using a similar MMREM did 

not report findings on the SE bias of this coefficient. 
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School Achievement Predictor Coefficient, 01
 

No substantial SE bias was found for the school achievement predictor 

coefficient, 
01 . Previous researchers using a similar model to the one in the current 

simulation did not report the SE bias of this coefficient. Chung and Beretvas (2012) 

included a single predictor at level two. The SEs for this predictor coefficient were found 

to be substantially biased across conditions. However, the discrepancy in the results of 

Chung and Beretvas and the current simulation could be due to several factors including 

the generation of data and differences between the studies in the number of predictors 

included in the model.  

School Mobility Predictor Coefficient, 
02  

Substantial SE bias was found for the school mobility predictor coefficient, 
02  

when fixed unequal weights were used to estimate the model when the data were 

generated with random unequal weights (see Table 16). When compared to the SE bias 

calculated for the same weights generating pattern but using the true weights and the 

fixed equal weights, the bias was on average 5% more negative. In all conditions in 

which the bias was substantial, the bias was negative, meaning that the standard errors 

were underestimated. This means that if a researcher were to misspecify the weights as 

fixed unequal and the true weights were random equal then the statistical significance test 

for the predictor of school mobility would have an increased type I error rate and 

therefore lead to, in some cases, incorrect rejection of the null hypothesis. However, 
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because the observed SE bias was very close to the threshold of 0.1 used to determine 

substantial standard error bias, the bias found in the current simulation may be of little 

practical importance. 

Limitations and Future Research 

Each research project is not without its own set of limitations, and in this way, the 

current simulation is no different. It was designed to investigate a set of specific 

conditions and outcomes for a specific model. There is obviously room for future 

researchers to evaluate how a different set of conditions might function in regards to the 

same model or even a more complex model than the one in this study. Future research 

might investigate a three-level MMREM model in which students are nested within 

teachers and teachers nested within schools and if weights’ misspecification at level two 

or level three impact relative parameter and standard error bias. Additionally, if a 

researcher chose to evaluate a similar model to that in the current research, additional 

predictors could be added at level one or level two, and these predictors could be 

modeled as fixed or randomly varying.  

The purpose of the current study was to expand upon the research of weights 

misspecification conducted by Wolff Smith and Beretvas (2013a). The previous 

researchers randomly assigned mobility, however this does not best reflect reality. While 

mobility was generated more realistically in this study, future researchers might look in to 

ways to generate mobility differently than how it was done in this study. Additional 
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factors such as SES, gender, LEP status, etc. could be included in the model and/or used 

to predict the likelihood of student mobility.  

While Smith (2012) used a more complex model for generating mobility that 

included an additional predictor, the predictor was not included in the estimating model 

and therefore created omitted variable bias. This study sought to remove the confounding 

omitted variable bias by including all predictors in the generating model in the estimating 

model as well. However, it is believed that by doing so, the correlation between 

achievement and mobility caused inflation of the standard error associated with the 

intercept as well as substantial parameter bias in the school achievement predictor, both 

of which have not been found to exhibit bias to the degree found in this study by previous 

researchers (Chung & Beretvas, 2012; Wolff Smith & Beretvas, 2013a). Also, while no 

variable was “omitted” per se from the estimating model, the relationships created 

between the level one and level two predictors as well as the level two residuals were not 

modeled and therefore could have resulted in parameter and SE bias due to their 

omission. Methodological researchers could see if inclusion of predictors representing the 

relationships created during data generation could eliminate some of the omitted variable 

bias found. One example of a variable that could be included would be a categorical 

variable at level two that represents whether the school was generated to be a low 

performing or high performing school.  

If multicollinearity and omitted variable bias were to be eliminated completely, 

then the researchers would need to generate mobility randomly and create no 

relationships between the predictors, as was done by previous researchers (Wolff Smith 
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& Beretvas, 2011; Chung & Beretvas, 2012; Wolff Smith & Beretvas, 2013a). However, 

by randomly generating the data in this way, the data do not represent the reality of what 

exists in real-world settings, and therefore, the inferences drawn from the conclusion may 

be less applicable to applied researchers knowing that a more complex relationship 

between their predictors could exist in the dataset. In addition, in the current simulation, 

when a student was deemed mobile, the student was only allowed to move to a school 

that was like the first school attended. For example, if the first school was a low-

performing school, then the second school selected would also be low, and if necessary, 

so would the third. Kerbow (1996) found that residential mobility is the most common 

source of mobility for disadvantaged urban families. By having student deemed mobile 

move to a school with a similar level of “performance”, Kerbow’s scenario was being 

modeled. However, not all mobility is involves students moving to like schools. Future 

research might investigate how allowing a percentage of the mobile students to jump 

from a low school to a high school might impact parameter and standard error recovery. 

Future research should also investigate the impact of multicollinearity on the 

parameter and standard error estimates of the MMREM to gain a better understanding of 

the inflated standard errors found for the estimates of the intercept in this study.  

The current simulation used small effects sizes for the school achievement 

predictor as well as for some conditions of the student and school mobility predictors to 

generate the data. Results indicated that smaller effects are more difficult to recover. 

However, small effect sizes do exist in applied researcher, as was seen in the real data 

analysis conducted in this study (see Table 2). Methodological researchers could focus on 



 126 

finding methods to enhance recovery of smaller effects sizes. One suggestion is to assess 

whether the increasing the number of iterations and burn-in updates could create more 

stable estimates of smaller effects. The current simulation used a burn-in of 5,000 and 

50,000 iterations. It is possible that better parameter recovery of small effects could result 

from a combination of a larger burn-in with more iterations. 

Importance of Research and Overall Conclusions 

The need to model mobility is an ever present issue for applied education 

researchers. In realistic settings, individuals rarely remain members of a single clustering 

unit. For example, in relation to patient care, physical therapy patients may be seen by 

more than one therapist. In residential research, individuals may move from one 

neighborhood to another. For educational researchers, student mobility from school to 

school is the most commonly encountered source of mobility. The cause of student 

mobility can be linked to many factors. However, the exact timing of student moves is 

not always captured by a researcher during the course of data collection. Additionally, 

even if the exact time of a student’s move is captured, it is unclear whether time spent at 

a school is directly correlated with that school’s effect on an outcome of interest. When 

using the MMREM to model student mobility, one must assign weights to each of the 

schools attended by an individual. When the effect or timing is not known, applied 

researchers typically designate weights as fixed by assigning weights similar to the fixed 

equal weights or fixed unequal weights in this study (Chung & Beretvas, 2011; Meyers & 
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Beretvas, 2010). The purpose of this study was to evaluate how the selection of weights - 

when the true weights are not known - affects relative parameter and standard error bias. 

Wolff Smith and Beretvas (2013a) researched the impact of misspecifying the 

weight pattern on parameter and standard error estimates. It was their conclusion that 

regardless of the true generated weights that either a fixed equal or fixed unequal weight 

pattern could be applied to the data without consequence to the parameter and standard 

error estimates. However, the assignment of mobility was done randomly and did not 

reflect the true relationship between mobility and student achievement. The current 

simulation sought to reinvestigate the choice of weights by more realistically generating 

mobility. 

In the current simulation, it was found that only one fixed effects parameter, the 

coefficient for the school mobility predictor, 02 , showed differences in the relative 

parameter bias based on the choice of weight pattern used. The choice of weight pattern 

also impacted the relative parameter bias of the level two random effects variance 

component in some conditions. Regarding the SEs, the standard error bias of the level 

two school mobility coefficient was sensitive to weights’ misspecification. Because, in 

practice, most applied researchers are interested in the statistical significance of 

predictors, the misspecification of weights could lead to incorrect conclusions regarding 

predictors. Overall, it seems that a fixed set of weights should only be used if they 

approximate the average of the true weights in the sample. However, the true weights are 

not always known based on how the data are collected, but approximations of the true 

weights would more than likely have a lesser impact than misspecifying the weights as 
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fixed unequal when the true weights more closely resembled the true random equal 

weight pattern.  

For ease of analysis, a researcher might wish to apply a fixed weight pattern to the 

entire data set so that weights do not need to be determined on an individual basis for 

each subject in the data pool. If this option is chosen by the researcher, it is recommended 

that the researcher also conduct a sensitivity analysis to see if the parameter and SE 

estimates of the fixed effects, which are typically most important to applied researchers, 

vary when using fixed equal weights versus fixed unequal weights. If no substantial 

differences are noted, then the researcher could use whichever weight pattern most aligns 

with their assumption of the weights’ distribution based on their understanding of the 

data. However, if parameter and SE estimates’ differences are detected between the 

weights patterns, then the researcher should resort to using the estimated weights based 

on the time points at which the data were collected, because the current simulation 

indicated that a fixed weight pattern that most closely aligns with the true average 

weights of the sample better recovers the fixed effects estimates and their associate SEs.   

Although the current simulation provides some information regarding the 

specification of the weights in a MMREM, further research is needed into the current 

model as well with extensions of this model so that applied researchers can be better 

informed about ways to ensure assignment of optimal weights when using the MMREM 

to address mobility of individuals across participants.  

 

  



 129 

References 

Adduci, L. (1990). Mobility and student achievement in Orange High School. 

Washington, DC: Office of Educational Research and Improvement. 

Astone, N., & Mclanahan, S. (1994). Family structure, residential mobility, and school 

dropout: A research note. Demography, 31(4), 575-584. 

Audette, R., & Algozzine, M. (2000). Within district transfers and student achievement: 

Moving ahead by staying in one place. Special Services in the Schools, 16(1-2), 

73-81. 

Barreto, H., & Howland, F. M. (2005). Introductory econometrics: Using Monte Carlo 

simulation with Microsoft Excel. Cambridge University Press. 

Beretvas, S. (2008). Cross-Classified Random Effects Models. In A. A. O'Connell, & D. 

B. McCoach (Eds.), Multilevel Modeling of Educational Data (pp. 161-197). 

Charlotte, SC: Information Age Publishing. 

Beretvas, S. (2010). Cross-classified and multiple membership random effects models. In 

J. Hox, & J. Roberts (Eds.), The handbook of advanced multilevel analysis (pp. 

313-334). New York, NY: Routledge. 

Browne, W. (2009). MCMC Estimation in MLwin, v2.13. Centre for Multilevel 

Modeling, University of Bristol. 

Browne, W., Goldstein, H., & Rasbash, J. (2001). Multiple membership multiple 

classification (MMMC) models. Statistical Modelling, 1, 130-124. 

Burkam, D., Lee, V., & Dwyer, J. (2009). School mobility in the early elementary grades: 

Frequency and impact from nationally-representative data. Workshop on the 



 130 

impact of mobility and change on the lives of young children, schools, and 

neighborhoods. Washington, D.C. 

Chandola, T., Clarke, P., Wiggins, R. D., & Bartley, M. (2005). Who you live with and 

where you live: Setting the context for health using multiple membership 

multilevel models. Journal of Epidemiology and Community Health, 59(2), 170-

175. 

Chung, H., & Beretvas, S. N. (2012). The impact of ignoring multiple membership data. 

British Journal of Mathematical and Statistical, 65(2), 185-200. 

Cohen, J. (1977). Statistical power analysis for the behavioral sciences (revised ed.). 

New York: Academic Press. 

Enders, C., & Tofighi, D. (2007). Centering predictor variables in cross-sectional 

multilevel models: A new look at an old issue. Psychological Methods, 12(2), 

121-138. 

Fielding, A., & Goldstein, H. (2006). Cross-classified and multiple membership 

structures in multilevel models: An introduction and review. (Research Report 

Number 791). Birmingham, UK: University of Birmingham, Department of 

Education and Skills. 

Garner, C., & Raudenbush, S. (1991). Neighborhood effects on educational. Sociology of 

Education, 64(4), 251-262. 

Goldstein, H. (2010). Multilevel statistical models (4 ed.). New York, NY: Hodder 

Arnold. 



 131 

Goldstein, H., Burgess, S., & McConnell, B. (2007). Modelling the effect of pupil 

mobility on school differences in educational achievement. Journal of the Royal 

Statistical Society, A., 170(4), 941-954. 

Greene, J., & Daughtry, S. (1961). Factors associated with school mobility. The Journal 

of Educational Sociology, 35, 36-40. 

Hanushek, E., Kain, J., & Rivkin, S. (2004). Distribution versus Tiebout improvement: 

The costs and benefits of switching schools. Journal of Public Economics, 88, 

1721-1746. 

Hoogland, J. J., & Boomsma, A. (1998). Robustness studies in covariance structure 

modeling: an overview and a meta-analysis. Sociological Methods & Research, 

26(3), 329-367. 

Kerbow, D. (1996). Patterns of urban student mobility and local school improvement in 

Chicago. Journal of Education for Students Placed at Risk(1), 147-169. 

Kirk, R. (1995). Experimental Design: Procedures for the Behavioral Sciences (3rd ed.). 

New York: Brooks/Cole Publishing. 

Kreft, I. G., & De Leeuw, J. (1998). Introducing multilevel modeling. Thousand Oaks, 

CA: Sage. 

Leckie, G. (2009). The complexity of school and neighbourhood effects and movements 

of pupils on school differences in models of educational achievement. Journal of 

the Royal Statistical Society: Series A (Statistics in Society), 172(3), 537-554. 



 132 

Lee, V., & Burkam, D. (2002). Inequality at the starting gate: Social background 

differences in achievment as children begin school. Washington, DC: Economic 

Policy Institute. 

Little, R., & Rubin, D. (1987). Statistical analysis with missing data. New York: John 

Wiley. 

Luo, W., & Kwok, O. (2009). The impacts of misspecifying cross-classified random. 

Multivariate Behavioral Research, 44, 182-212. 

Luo, W., & Kwok, O. (2012). The consequences of ignoring individuals’ mobility in 

multilevel growth models: A Monte Carlo study. Journal of Educational and 

Behavioral Statistics, 37, 31-56. 

Maas, C., & Hox, J. (2005). Sufficient sample sizing for multilevel modeling. 

Methodology: European Journal of Research Methods for the Behavioral and 

Social Sciences, 1, 85-91. 

Mantzicopoulos, P., & Knutson, D. (2000). Head start children: School mobility and 

achievement in the early grades. Journal of Educational Research, 93(5), 305-

311. 

Mehana, M., & Reynolds, A. J. (2004). School mobility and achievement: A meta-

analysis. Children and Youth Services Review, 26, 93-119. 

Meyers, J., & Beretvas, S. (2006). The impact of inappropriate modeling of cross-

classified data structures. Multivariate Behavioral Research, 41(4), 473-497. 



 133 

O'Donnell, R., & Gazos, A. (2010). Student Mobility in Massachussetts. Boston, MA: 

Massachussetts Department of Elementary and Secondary Education. Retrieved 

from http://www.doe.mass.edu/research/reports/0810mobility.pdf 

Rasbash, J., & Browne, W. (2001). Modeling non-heirarchical structures. In A. H. 

Leyland, & H. Goldstein (Eds.), Mulitlevel modeling of health statistics (pp. 93-

105). Chichester: John Wiley & Sons. 

Raudenbush, S., & Bryk, A. (2002). Hierarchical linear models: Applications and data 

analysis methods. Thousand Oaks, CA: Sage Publications, Inc. 

Reynolds, A. J., Chen, C., & Herbers, J. (2009). School mobility and educational success: 

A research synthesis and evidence on prevention. Paper for a workshop on 

mobility, National Research Council, Washington, DC. 

Rumberger, R. (2003). The causes and consequences of student mobility. Journal of 

Negro Education, 72, 6-21. 

Rumberger, R., Larson, K., Ream, R., & Palardy, G. (1999). The educational 

consequences of mobility for California students and schools. PACE. 

Shieh, Y., & Fouladi, R. (2003). The effect of multi-collinearity on multilevel modeling 

parameter estimates and standard errors. Educational and Psychological 

Mearsurement, 63(6), 951-985. 

Smth, L. (2012). A comparison of procedures for handling missing school identifiers with 

the MMREM and HLM. (Unpublished doctoral dissertation) University of Texas 

at Austin, Austin, TX. 



 134 

Spybrook, J., & Raudenbush, S. (2009). An examination of the precision and technical 

accuracy of the first wave of group-randomized trials funded by the Institute of 

Education Sciences. Educational Evaluation and Policy Analysis, 31, 298-318. 

Strand, S., & Demie, F. (2006). Pupil mobility, attainment and progress in primary 

school. British Educational Research Journal, 32(4), 551-568. 

Tucker, J., Marx, J., & Long, L. (1998). “Moving on”: Residential mobility and children's 

school lives. Sociology of Education, 72(2), 111-129. 

United States Census Bureau. (2004). Geographic mobility: Population characteristics. 

March 2002 to March 2003. 

United States General Accounting Office. (1994). Elementary school children: Many 

change schoosl frequently, harming their education. (GAO/HEHS-94-95), 

General Accounting Office, Gaithersburg, MD. 

Wolff Smith, L. J., & Beretvas, S. N. (2011, April). A comparison of techniques for 

handling and assessing the influence of mobility on student achievement. Paper 

presented at the meeting of the American Educational Research Association, 

Vancouver, British Columbia, Canada. 

Wolff Smith, L. J., & Beretvas, S. N. (2013). The Impact of using incorrect weights with 

the multiple membership random effects model. European Journal of Research 

Methods for Behavioural Social Sciences, doi: 10.1027/1614-2241/a000066. 

Wolff Smith, L., & Beretvas, S. (2013). A comparison of procedures for handling 

missing school identifiers with the MMREM and HLM. Manuscript submitted for 

publication. 


