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This study was designed to investigate the impact of multiple-membership data 

structures in multilevel modeling. Multiple-membership arises when lower level units 

(e.g., students) are nested within more than one higher level unit (e.g., schools). In this 

case, more than one school will contribute to students’ academic achievement and 

progress. In reality, it is inappropriate to assume a pure nesting of a student within a 

single school. While use of HLM requires either deletion of the cases involving multiple- 

membership or exclusion of prior schools attended, MMREM includes students who 

attend multiple schools and controls for the effect of all schools on student outcomes. The 

simulation study found level two variability underestimation and corresponding level one 

variability overestimation when multiple membership data structures were ignored. The 

study also revealed that when HLM failed to include multiple membership data structures, 

vi 
 



it underestimated school level predictor. With an increased numbers of mobile students 

under the No Child Left Behind (NCLB) Act, researchers need to understand MMREM 

and correctly apply it to multiple membership data structures. This MMREM approach 

will help improve the generalizability of findings and will improve the validity of the 

statistical results. 
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The Impact of Ignoring Multiple-Membership Data Structures 

 

Chapter 1: Introduction 

Multilevel modeling has been commonly used to handle clustered data structures 

(Bickel, 2007; Goldstein, 2003; Hox, 2002; Parks & Poston, 2006; Raudenbush & Bryk, 

2002; Singer, 1998; Snijders & Bosker, 1999; Twisk, 2006) including, for example, 

scenarios in which students are nested in schools, or patients are clustered in hospitals. 

Although most multilevel data structures assume that each lower level unit belongs to a 

single unit at a higher level, real world data structures are more complicated. A typical 

example of a non-pure hierarchical data structure is the case in which students change 

schools over the course of a longitudinal study.  

Multiple membership arises when lower level units (e.g., students) are nested 

within more than one higher level unit (e.g., schools). In this case, more than one school 

will contribute to students’ academic achievement and progress. In reality, it is 

inappropriate to assume a pure nesting of a student within a single school. Multiple 

membership random effects modeling (Goldstein, 2003; Rasbash & Browne, 2001) can 

be used to explore these kinds of data structures (Beretvas, 2008; Browne, 2004; 

Browne, Goldstein, & Rasbash, 2001; Fielding & Goldstein, 2006; Goldstein, Burgess, 

& McConnell, 2007; Hill & Goldstein, 1998; Rasbash, Steele, Browne, & Prosser, 

2004).  



!
!

2

Several studies using multilevel modeling techniques have found that school 

factors such as class enrollment size and free lunch programs are significantly 

associated with students’ academic achievement (e.g., Meyers & Beretvas, 2006; Noble 

& Schnelker, 2007; Sellström & Bremberg, 2006). However, researchers have focused 

only on the students’ current school without including any prior school(s) attended or 

have deleted cases involving multiple membership (Lee, 2000; McCoach, O'Connell, 

Reis, & Levitt, 2006; Noble & Schnelker, 2007). Using only the most recent school in 

the analysis ignores the effects of student mobility. These approaches reduce power and 

threaten the generalizability and validity of results.  

This study was designed to investigate the effect of ignoring multiple 

membership data structures. The investigation consisted of two studies: (1) analysis of a 

large-scale national dataset designed to investigate the effects of ignoring versus 

appropriately modeling the multiple membership data structure, and (2) a simulation 

study designed to compare results from using multiple membership multilevel modeling 

versus pure multilevel modeling under a variety of manipulated conditions.  

The conditions manipulated in the simulation study included the following: the 

percentage of students who are mobile, intra-class correlation coefficient, the number of 

schools, the number of students per school, and the number of schools attended by 

“mobile” students. Data were generated to fit a two-level multiple membership data 

structure to mimic the clustering of students (level 1) within schools (level 2) with some 
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students as members of multiple schools. The data were generated to include one 

student level and one school level predictor. 

The fixed effect estimates, random effect variance estimates, and the values of 

the Deviance Information Criterion (DIC) were summarized across conditions. Relative 

parameter and standard error bias (Hoogland & Boomsma, 1998) were summarized for 

each fixed effect estimate and random effect variance estimate. Last, Analyses of 

Variance (ANOVA) were used to explore the effect of simulation conditions on 

parameter and standard error bias. 
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Chapter 2: Literature Review 

 

Review of Multilevel Modeling 

Multilevel models are also known as hierarchical linear models, mixed-effects 

models, random-effects models, random-coefficient regression models, or covariance 

components models in the literature (Raudenbush & Bryk, 2002). Multilevel modeling 

is commonly used in the social sciences to model clustered or nested data structures. 

Social and behavioral science researchers frequently encounter scenarios where 

individuals or subjects belong to a social context. For example, in medical research, 

patients may be nested within a single context such as a nurse, doctor or hospital. As 

another example, in business research, employees may be clustered within the same 

context such as within a boss or division. In these examples, the individuals and the 

social context can be viewed as a hierarchy with the context as the higher “level” within 

which the individuals (i.e., a lower level of classification) are clustered. 

Educational research provides another example in which hierarchical data 

structures are commonly encountered. For example, when a dataset consists of sets of 

multiple students from each of multiple schools then students should not be assumed 

independent. An educational researcher might be interested in investigating variability 

in students’ mathematics test scores. The researchers should consider both student- and 

school-level variables in accounting for variation in the students’ mathematics test 
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scores. For example, it might be hypothesized that variability in test scores can be 

explained by students’ characteristics such as gender, as well as by school 

characteristics such as school sector (i.e., public versus private). The next section 

describes different options for methods that can be used to handle nested data structures.   

Alternative Methods for Handling Multilevel Data Structures 

Besides multilevel modeling, two alternative procedures have been frequently 

used for handling nested data structures: aggregation and disaggregation (de Leeuw, 

2002; Parks & Poston, 2006; Snijders & Bosker, 1999). Aggregation occurs when 

researchers summarize lower-level information at the higher level and run analyses 

using the higher level summaries. In the example of students clustered in schools, 

researchers might analyze relationships between variables solely at the school level. 

This would mean using the school mean test scores as the outcome in a regression 

equation that includes the individual variable, such as gender, summarized at the school 

level (as percent female) and the school sector variable as predictors. 

Aggregation procedure has limitations. One problem associated with 

aggregation is the “shift of meaning” problem (Snijders & Bosker, 1999). That is, if 

mathematics test scores are summarized at the school level, then the variable contains 

information describing schools, not individuals. Thus inferences can only be made 

about schools, not about individual students. Similar to the shift of meaning problem, 

aggregation can result in another problem called the “ecological fallacy” (Kreft & de 
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Leeuw, 1998; Snijders & Bosker, 1999). Specifically, a relationship between higher 

level units (e.g., at the school level) cannot be used to make the same statement at lower 

level units. For example, researchers might find that the percent female of a school is 

significantly associated with the school mean mathematics scores. One can make an 

inference regarding this relationship for schools. However, no inference should be made 

on the association between gender and math test scores of individual students.  

The last problem noted about aggregating data rather than correctly modeling 

the nestedness is that aggregation does not permit modeling of potential cross-level 

interactions between lower and higher level variables (Snijders & Bosker, 1999). For 

instance, gender differences in individual students’ mathematics scores might be smaller 

for students in smaller schools than for students in larger schools but this cannot be 

appropriately modeled if data are aggregated.  

Another method used to handle multilevel data structures is disaggregation. 

When disaggregation is used, then higher level variables are used as lower level 

variables. For example, if a dataset consists of 500 students with 10 students from each 

of 50 different schools, then with disaggregation the researchers would treat the data as 

if it consisted of 500 independent observations. School (here, the level two) descriptors 

(e.g., school sector) are included in disaggregated analyses but each student within a 

single school would have the same value on that school descriptor. Disaggregation 

analyses thereby ignore the clustering. Like aggregation techniques, disaggregation has 
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its shortcomings. Ignoring dependency of level one units within level two units by 

running analyses that assume independence of observations results in an associated false 

increase in sample size. In addition, ignoring clustering can inflate the Type I error rate 

associated with relevant test statistics (Snijders & Bosker, 1999).  

Aggregation and disaggregation are not the only ways to handle multilevel data 

structures. Instead, multilevel modeling can be used to appropriately model the 

dependence resulting from clustering of units within contexts. The next section 

introduces the advantages of multilevel modeling over traditional Ordinary Least 

Squares (OLS) multiple regression.  

Linear Regression 

A researcher might be interested in predicting the math scores using student 

Socioeconomic status (SES). Many researchers would ignore the potential clustering of 

students within schools and use a simple linear regression equation to assess the 

relationship between these two student-level variables. The linear regression equation 

would be represented as follows: 

iii eXy !!" 10 ##                              (1) 

where iy  is the math score for student i, iX  is the student level predictor and ie  is 

the error term for student i. Traditional OLS involves the assumption that the error terms 

are independent of each other and normally distributed with a mean of zero and a 

constant variance, $ %2,0~ &Ne . 
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However, students attending the same school are likely to be more similar to 

each other than to students in different schools. Thus if the sample consisted of a single 

student sampled from each randomly selected school, then the students in the dataset 

could be assumed to be independent. In addition, the use of the traditional OLS 

regression involves the assumption of constant variance. In reality, however, some 

schools may have less variability in math scores than others.  

The use of multilevel modeling permits relaxing the two basic assumptions in 

the traditional OLS regressions: constant variance (i.e., homoscedasticity) and the 

independence of observations (de Leeuw, 2002). The next sections describe conditional 

and unconditional multilevel models. 

Traditional Multilevel Modeling  

Fully unconditional model. To explain the parameterization of the multilevel 

model and the multiple-membership extension, the example of students (level one) 

clustered within schools (level two) is used. Multilevel modeling enables the researcher 

to decompose the variability in an outcome into the component between level two units 

(here, schools) and the component within level one units (here, students). Typically, a 

fully unconditional model is estimated to assess the proportion of variance at each level. 

In the fully unconditional model, the level 1 equation is represented as: 

ijjij ey !" 0#                              (2) 

where ijy  represents the math score for student i attending school j. j0# is the mean 
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math score for school j. ije  is the deviation of student i’s score from school j’s math 

mean. ije  is termed as the level 1 residual and is assumed to be normally distributed 

with a mean of zero and a constant variance, 2& . In the unconditional model, the level 2 

(here, school) equation is as follows: 

jj u0000 !" '#                             (3) 

where 00'  is the overall mean math score in the population, and  ju0  is the deviation 

of school j from the overall mean math score. ju0  is termed the level 2 residual and is 

assumed to be normally distributed with a mean of zero and a constant variance, 00( . 

The level 1 and level 2 equations can be combined as a single equation as follows: 

ijjij euy !!" 000' .                           (4) 

The Intraclass Correlation Coefficient (ICC; Raudenbush & Bryk, 2002) 

describes the proportion of variability in the outcome variables between level 2 units 

(here, schools). Thus the ICC reflects the degree of clustering among level 2 units. For 

larger values of the ICC, the dependency among level 2 units is stronger. The ICC can 

be calculated as follows: 

2
00

00

&(
(

)
!

"                              (5) 

where 00( is the variability between level 2 units (here, schools) and 2& is the 

variability between level 1 units (here, students). When the ICC is zero, it indicates no 

dependency between level 2 units. In this case, there would be no need to use multilevel 

modeling over traditional OLS regression. The larger the ICC, the more important it is 
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to appropriately model the dependency in the dataset. When the ICC value is “more 

than trivial” (e.g., greater than .10), researchers need to consider multilevel modeling 

(Lee, 2000). Previous literature has found that ignoring dependency among level 2 units 

leads to smaller standard error (Raudenbush & Bryk, 2002). The smaller standard error 

may lead to Type I error inflation and a smaller range of confidence interval (CI). 

Variability in the outcome can be explained through the addition of predictors to 

the model. The next section describes multilevel modeling when a level 1 predictor is 

added to the model. 

 Inclusion of a level one predictor. While estimation of the unconditional model 

partitions the variability in an outcome into the level 2 and level 1 portions, researchers 

might be interested in explaining this variability. As with traditional regression 

modeling, in multilevel modeling, researchers can include either categorical or 

continuous variables as predictors. Although multilevel modeling permits researchers to 

include many predictors at once, for simplicity’s sake, the two-level conditional 

multilevel model with only a single student characteristic added to the model is 

described here.  

The researcher might be interested in the prediction of math scores using a 

student characteristic (e.g., student SES) to explain the variability in the outcome. The 

level 1 equation becomes: 

ijijjjij eXy !!" 10 ##                           (6) 
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where ijX  depicts the level one predictor (here, SES for student i attending school j). 

The variable, Xij, should be centered such that the interpretation of the intercept term, #0j, 

(predicted math score when Xij is zero) is reasonable. Here, the variable, Xij, is grand-

mean centered. The reader is encouraged to refer to Raudenbush and Bryk (2002) and 

other multilevel modeling texts (e.g., Hox, 2002; Snijders & Bosker, 1999) for further 

information about centering of predictors. Last, in Equation 6, ije  is the level 1 

residual. The level 2 equation associated with Equation 6 could be as follows: 

*+

*
,
-

!"

!"

jj

jj

u
u

1101

0000

'#

'#
                            (7) 

where 00'  is the average math score across schools when Xij (student SES) is zero, and 

10' is the average relationship between math score and individual student SES across 

schools. ju0 is the level two intercept’s residual term. ju1 is the level two slope residual 

term. The combined equation can be expressed as follows: 

ijijjjijij eXuuXy !!!!" 101000 ''                      (8) 

In Equation 7, the slope and intercept were modeled to vary randomly across 

level 2 units. It is also possible to model each of these coefficients as fixed or non-

randomly varying (Raudenbush & Bryk, 2002). In the current example, the 

variance/covariance matrix for the level 2 residuals can be represented as follows: 

T
u
u

Var
j

j ".
/

0
1
2

3
".

/

0
1
2

3

1110

0100

1

0

((
((

                      (9) 

where 00(  is the population variance among the conditional school means, 11(  is the 



!
!

12

population variance among the slope coefficients. 01(  and 10(  represent the 

population covariance between the slope and intercept (Raudenbush & Bryk, 2002). 

 Inclusion of a level one and a level two predictor. In addition to student 

descriptors, researchers might want to explore adding level two (school) characteristics 

to the model to explain level 2 variability. The following model expands the model in 

Equation 7 to include a level 2 predictor. The level 1 equation remains the same as in 

Equation 6. The level 2 equation becomes: 

*+

*
,
-

!!"

!!"

jjj

jjj

uZ
uZ

111101

001000

''#

''#
                       (10) 

where jZ is the school-level variable, here, representing the sector of school j (dummy 

coded with Z set to zero for public schools and equal to one for private schools), 00'  is 

now the predicted math score for pubic schools and '01 is the school sector effect for 

students for whom Xij is zero. 10'  represents the predicted relationship between SES 

and math score for public schools and 11'  is the impact of school sector on the 

predicted relationship between student SES and math score. ju0  and u1j are the 

intercept and slope residuals for school j, respectively. The level 1 and level 2 equations 

can be combined as follows: 

ijijjjijjijjij eXuuXZXZy !!!!!!" 1011100100 '''' .           (11) 

 Although traditional multilevel modeling involves an assumption of purely 

nested data structures, in practice it is possible to encounter more complicated data 

structures. For example, over the course of a student’s school career it is possible that 
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they attended more than a single school. If that is the case, the use of traditional 

multilevel models only permits associating a single school with each student. In other 

words, if level one units (e.g. students) are a member of multiple level two units (e.g., 

schools), then the traditional multilevel modeling cannot be used. Instead, multiple 

membership random effects modeling should be used. The next section describes 

multiple membership random effects models and how they can be used to handle 

multiple membership data structures.  

Multiple-Membership Data Structures 

While most theoretical and empirical studies involving multilevel data structures 

deal with purely hierarchical data structures, it is unrealistic to assume that all multilevel 

data are purely hierarchical. Most multilevel data structures assume that each lower 

level unit belongs to a single unit at a higher level. In real-world data structures, 

multiple-membership data structures as described above can be encountered when lower 

level units are nested within more than one higher level unit.  

A typical example of a non-pure hierarchical data structure in educational 

research is the case in which students change schools. According to the 2000 U.S. 

census, “15 % to 18% of school-age students moved in the previous year” (Rumberger, 

2002). The Texas Education Agency (1997) reported that approximately 66% of first 

grade students in the 1991-1992 school year moved schools at least once during a four-

year timeframe. The 1994 U.S. General Accounting Office reported that about one third 
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of students have attended at least three schools from first grade to third grade (Health, 

Education, and Human Services Division, 1994). In a real data set designed for 

longitudinal study, the National Educational Longitudinal Survey (NELS: 88) began 

with an initial set of 25,000 students who were 8th graders in 1988. The study tracked 

the participants in 1990 and 1992. Besides a change in schools due to academic 

promotion, about 10% of the sample participants reported that they moved schools at 

least once during the high school period.  

Previous studies have found that student mobility was usually significantly 

associated with GPA, test scores, drop-outs, and promotion (e.g., Kerbow, 1996; 

Rumberger & Larson, 1998). In applied studies, researchers have grouped students by 

degree of mobility (e.g. number of schools attended) during the period of the analysis. 

Then they compared the mobility groups’ mean differences on academic achievement 

(Smith, Fien, & Paine, 2008). Alternatively, student mobility was modeled as a one of 

student level predictors included to explain variability in students’ academic 

achievement (Ou & Reynolds, 2008).  

Besides student characteristics, previous studies have reported that school 

characteristics were statistically significantly associated with students’ academic 

achievement (e.g., Lee, 2000; Meyers & Beretvas, 2006; Raudenbush & Bryk, 2002; 

Sellström & Bremberg, 2006). When explaining variability in educational achievement, 

it is thus important to include the effects of school characteristics. In analyzing real 
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educational data sets, it is possible that students may change school during the period of 

analysis. Ignoring the effects of prior schools that students attended over this period 

would seem likely to negatively affect the estimation of school effects on academic 

achievement. Unfortunately, however, most applied studies have not appropriately 

handled multiple-membership data structures. The next section provides several 

examples of how applied studies typically have handled multiple-membership data 

structures.   

Inappropriate modeling of multiple-membership data structures. While student 

mobility has been frequently encountered in the real world, the effects of school change 

on academic achievement cannot be explained using purely hierarchical linear modeling. 

In scenarios in which there is high student mobility, researchers should focus not only 

on the students’ current school but include any prior school(s) attended. However, 

previous studies have commonly deleted cases involving multiple-membership (e.g., 

Lee, 2000; McCoach et al., 2006; Noble & Schnelker, 2007).  

For example, McCoach et al (2006) investigated children’s reading growth 

during the first 2 years of school using the Early Childhood Longitudinal Study, 

Kindergarten Class of 1998-99 (ECLS-K) dataset. This study revealed that several 

student level characteristics as well as school characteristics were significantly 

associated with students’ reading growth. However, the authors excluded the 

participants who switched schools during the period of analysis. This exclusion method 
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for handling multiple-membership, of course, unnecessarily reduces the statistical 

power of the analyses. In addition, the generalizability of the findings can only be 

extended to students who have attended the same schools over the duration of the study.  

 Lee (2000) studied how the characteristics of high schools affect students’ 

academic development using hierarchical linear modeling. This study was particularly 

focused on how high school size influences students’ learning. The sample of 9,812 

students who were 12th graders in 1992 was drawn from the NELS: 88 data set. In 

investigating the relationship between school size and academic achievement, the 

authors restricted samples to students who attended the same high schools between 10th 

and 12th grade. As with the McCoach et al. (2006) study, the results cannot be 

generalized to include students who attend more than one high school. 

In Noble and Schnelker’s study (2007), the authors used hierarchical modeling 

to examine the relationship between the courses students had taken and their ACT 

scores across high schools. ACT developed the Educational Panning and Assessment 

System (EPAS) to provide longitudinal and systematic information regarding students’ 

academic achievement and career success. EPAS administers three tests: the EXPLORE 

to 8th/9th graders, the PLAN to 10th grade, and the ACT to 11th/12th grade. PLAN is a 

pre-ACT test; students typically take it in the fall semester of their sophomore year.  

The data set Noble and Schnelker used was the PLAN/ACT matched file, which 

matched records of students who took PLAN in their sophomore year and completed 
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ACT as either juniors or seniors. The data set consisted of 403,381 students from 10,792 

high schools. Students’ course work was tracked from their freshman year. The authors 

found that the effects of taking specific courses on ACT performances were mediated by 

schools’ characteristics such as the schools’ region. They noticed that some students 

moved schools after taking the PLAN as sophomores and before taking the ACT as 

juniors or seniors. The findings were limited to students who attended the same high 

school between PLAN test and ACT test because the authors deleted the students who 

had changed high schools between taking the PLAN and taking the ACT.  

This section has provided a small subset of educational research studies that 

have ignored potential multiple-membership data structures. Although most applied 

studies have excluded participants who have moved schools during the time period 

being analyzed, a few studies have been conducted that explain student mobility using 

Multiple-membership Random Effects Modeling (MMREM), which is discussed in the 

next section.  

Appropriate modeling of multiple-membership data structures. Some studies 

have been conducted to demonstrate the effect of ignoring versus appropriately 

modeling multiple-membership data structures. Goldstein et al. (2007) modeled the 

effect of student mobility on educational achievement. In the datasets, they found that 

some students moved schools during their 4th, 5th, and 6th years. The authors modeled 

this mobility through employing multiple-membership modeling. The research revealed 
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that ignoring multiple-membership data structures resulted in underestimating the 

variability in the outcome among junior schools.  

Similarly, Leckie (2008) conducted a study to investigate the effect of pupil 

mobility and neighborhoods in academic achievement. The author collected the students 

who took two sets of exams, which included the General Certificate of Secondary 

Education (GCSE) taken in 2006 (i.e., students’ academic year 11) and Key stage 2 

(KS2) exams taken in 2001 (i.e., students’ academic year 6). The author matched the 

data file with the 2002-2006 pupil level annual schools census (PLASC) dataset. The 

PLASC data provided information on a series of schools that students had attended and 

postcodes that students had resided over the 5-year secondary phase of school. The 

author found that, 8% of students moved to at least one other secondary schools and 

27 % of students changed residence, with 23% of the students changing neighborhoods 

during the time period. Part of Leckie’s study (2008) compared modeling systems that 

account or do not account for multiple-membership of secondary schools and 

neighborhoods. The author showed differences in parameter estimates, standard errors, 

and model fit indices. The findings revealed that the model that ignored multiple-

membership within secondary schools and neighborhoods resulted in smaller random 

effect variance estimates and standard error estimates at the secondary school level. The 

author used the DIC to compare the relative fit of each model. The smaller the DIC is, 

the better the fit is. The real data analysis results revealed that the model accounting for 
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multiple-membership data structures led to a decrease in the DIC value. Thus the model 

with smaller DIC (here, the model accounting for multiple-membership of secondary 

schools and neighborhoods) was preferred over the model with the larger DIC (here, the 

model ignoring the multiple-membership of secondary schools and neighborhoods).   

In addition to using multiple-membership modeling to study how student 

mobility impacts academic achievement, a medical research report used multiple-

membership modeling to account for how changing areas and/or household impacts 

individuals’ health (Chandola, Clarke, Wiggins, & Bartley, 2005). The study employed a 

longitudinal survey at nine waves, from 1991 to 1999, of a nationally representative 

sample of 5,551 households and 10,264 individuals. The authors estimated a series of 

multilevel models in the analyses. Part of the study used either a two or three level pure 

multilevel model. The level 2 models that were fitted to the data included models in 

which individuals (level 1) were clustered within household (level 2) and individuals 

clustered with area (level 2). The level 3 model, in contrast, modeled individuals (level 

1) as clustered within household (level 2) within areas (level 3). In addition to the pure 

multilevel models, part of the study estimated either a two- or three-level multiple-

membership model when some of individuals changed household, areas or household 

within areas. The outcome variables were physical scores and mental scores that were 

administered to the respondents in 1999 at wave 9. In the analyses, the authors 

accounted for age, gender, level of education, marital status, employment status, and 
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smoking status from the previous waves on the physical and mental scores. 

The results revealed that modeling the household mobility increased the house-

level variance estimates for both mental and physical scores. The increase of house-

level variance estimates were found in both the unconditional and conditional models. 

DIC difference tests supported the models that accounted for multiple-membership of 

household. 

Modeling area mobility led to an inconsistent pattern in terms of the area-level 

variance estimates. In the analyses of mental scores, area-level variance and associated 

standard error estimates decreased in both the unconditional and conditional models. In 

the analyses of physical scores, accounting for the changing area membership increased 

the area-level variance estimates in the unconditional level 2 models while the area-

level variances estimates in the conditional level 2 models and both unconditional and 

conditional level 3 models decreased. Although level 2 variance estimates either 

increased or decreased when multiple-membership of area was taken into account, the 

DIC difference cutoff of 10 (used in this article) favored the models accounting for 

multiple-membership. 

Given the frequency with which multiple-membership data structures are 

encountered and the differences that can result in terms of parameter estimates and 

associated test statistics, it is important that researchers appropriately model this data 

structure using the MMREM. The next section describes the MMREM in detail. 
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Multiple-Membership Random Effects Model 

Fully unconditional model. The same educational research example is used here 

in which a dataset consists of multiple students per school and in which some students 

have attended more than one school. The MMREM can be used to appropriately model 

the effects of the multiple schools attended by some students while modeling the 

dependence of students within schools. As with conventional multilevel modeling, the 

unconditional model does not include any predictors. The unconditional MMREM level 

1 model is as follows: 

4 5 4 5 4 5jijji ey !" 0#                           (12) 

where student i might attend a set of multiple level two units (here, schools). The set of 

schools for student i is represented using4 5j . The outcome, 4 5jiy , represents the outcome 

(e.g., math score) for student i who attended a set of schools,4 5j . 4 5j0#  is the mean 

math score for the set of schools,4 5j . 4 5jie is the level 1 residual which represents the 

deviation of student i’ score from the set of schools’,4 5j ’s, mean math score. The 

residual is assumed normally distributed with a mean of zero and a constant variance, &2 

(Beretvas, 2008; Goldstein, 2003; Rasbash & Browne, 2001). The level 2 model is as 

follows: 
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where 00'  is the grand mean math score, hu0 is the level 2 residual for unit (school) h 

of the set of level 2 units, 4 5j . hu0 is assumed to be normally distributed with a mean 
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of zero and a constant variance, 00( . ihw  represents student i’s weight associated with 

unit h of the set 4 5j . As in pure multilevel modeling (see Equation 5), the ICC can be 

calculated to assess the proportion of variability in the outcome variable that lies 

between level 2 units. The combined equation summarizing the level 1 (Equation 12) 

and level 2 equations (Equation 13) is as follows: 

4 5
4 5
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000' .                      (14) 

The weights for each 4 5j  in Equation 13 sum to one, i.e.
4 5
6
7

"
jh

ihw 1. There are 

two ways that weights can be assigned. Equal weights can be assigned. Thus if a level 

one (e.g., student) is a member of four level two (e.g., school) units, weights of 0.25 

would be used for each of the four schools’ random effects. Alternatively, weights do 

not have to be equal but their value can be based on hypothesized contributions of the 

level two units. For example, for a longitudinal dataset, the weights can be assigned to 

reflect the relative length of time that students attended each school during the period of 

the analysis. If a level 1 unit is a member of only one level 2 unit, then a weight of one 

is associated with that level 2 residual. 

Inclusion of a level one predictor. Variability in the outcome among level 1 units 

(here, students) can be explained through the addition of level 1 predictors. Suppose that 

a researcher is interested in investigating whether there is a gender difference in the 

student outcome. After adding gender (here, female coded=0, male coded=1) as a level 

1 predictor ( 4 5jiX ), the level 1 equation becomes: 
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4 5 4 5 4 5 4 5 4 5jijijjji eXy !!" 10 ##                        (15) 

and the level 2 equation without any level 2 predictors becomes: 
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where the intercept 00'  is the average predicted math score across the set of schools 

4 5j  for a female (i.e., when Xi{j} = 0). hu0  is the residual for school h. 10'  is the 

average slope coefficient representing the relationship between gender and math scores, 

and hu1  is the residual for school h. In Equation 16, both 4 5j0# and 4 5j1#  are modeled 

as randomly varying across schools. 

Inclusion of a level one and a level two predictor. Besides adding level 1 

predictors to explain variability in the outcome, level 2 predictors can also be added to 

the model to account for variability among level 2 units (e.g., schools) in either or both 

of the intercept and slope terms. For example, a researcher might add the percentage of 

minority students in schools, Z, as a level two predictor to the model. The level 1 

equation remains the same (see Equation 15) but the level 2 school equation would be 

changed as follows: 
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where 00'  is the average math scores across schools for female students attending 
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school 4 5j  for which Zh = 0, 01'  is the average relationship between percent minority 

students and math score for females. 10'  is the gender difference in the outcome (here, 

math scores) when Zh = 0. 11'  is the predicted relationship between percent minority 

and the gender difference in math scores. hu0  and  u1h  represent school h’s intercept 

and slope residuals, respectively. Additional level one and level two predictors can, of 

course, be added to the MMREM. However, the current example only includes one 

level one and one level two predictor. The reader can find additional examples of more 

complicated models by Goldstein (2003) and Rasbash and Browne (2001). 

As mentioned, there are only a few studies that have appropriately modeled 

multiple-membership data structures using the MMREM (Chandola et al., 2005; 

Goldstein et al., 2007; Leckie, 2008). One of the possible reasons why the MMREM has 

not been popular is the complexity of the associated model. Among the software 

packages that fit the multilevel modeling, HLM (Raudenbush, Bryk, Cheong, & 

Congdon, 2004), SAS (SAS Institute Inc, 2008), and MLwiN (Rasbash et al., 2004) can 

accommodate models with non-nested random effects (Rasbash & Browne, 2001). 

Compared to a pure nested data structure, a multiple-membership data structure model 

involves a larger number of level 2 random effects. Most software packages have 

encountered computationally intensive problems due to either storage requirements, 

CPU time or both in dealing with non-nested random effects (Clayton & Rasbash,1999; 

Leckie, 2008; Rasbash & Browne, 2001).  
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This data complexity involving multiple-membership has further limited the 

selection of multilevel model software packages (Beretvas, 2008; Browne, 2004; Leckie, 

2008; Selig, Preacher, Card, & Little, 2008). Selig et al. (2008) reported that many 

software packages for non-nested random effects model are not capable of fitting 

models with a large number of random effects. Currently, MLwiN is the only canned 

multilevel modeling software program that can be used to estimate MMREMs by 

employing the Markov Chain Monte Carlo (MCMC) algorithm (Beretvas, 2008; 

Browne, 2004; Leckie, 2008; Selig et al., 2008).  

MCMC estimation operates in a Bayesian framework. A Bayesian framework 

requires researchers to think about priors on the parameters to be estimated in the model 

(Browne, 2004). The posterior distribution of a parameter 8  given observed data, y is 

calculated as follows: 

$ % $ % $ %888 pypyp || 9                        (18) 

$ %yp |8  is the posterior distribution for 8  given observed data y, $ %8|yp  is the 

likelihood of observing y given8 , $ %8p  is the probability distribution of prior belief. 

The posterior distribution reflects the conditional distribution of 8  given data y. The 

posterior distribution considers both information from observed data and prior belief.  

As seen in Equation 18, the posterior distribution depends on whether 

researchers have a more or less influential statement of prior belief. MLwiN uses non-

informative priors to minimize the effect of prior belief on the posterior distribution of 
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parameters to be estimated (Browne, 2004). MLwiN sets a constant which functions 

equivalently to normal priors with large variances for fixed effects (e.g., $ % 19'p ). 

Instead of random effect variance components, MLwiN uses precisions, the reciprocal 

of variances (e.g., 21 & ", and then sets priors for the precisions using gamma 

distribution# The gamma distribution is determined by a scale factor and a shape factor. 

MLwiN uses the value of 0.001 for the scale and shape factor which provides a very 

large range for Gibbs sampler.  

Fit Index 

Besides using fixed effect, random effect variance component, and standard 

error estimates, it is also possible to use the DIC to choose a final model. The DIC is the 

sum of “mean of deviance” ( )(8D ) and “effective number of parameters” (pD) (Browne, 

2004; Chandola et al., 2005; Leckie, 2008; Li, Bolt, & Fu, 2006; Spiegelhalter, Best, 

Carlin, & van der Linde, 2002). First, deviance is calculated by 

D(8 )= -2log p (y|8 )                          (19) 

where D represents deviance, 8  is the unknown parameters of the model, y is the data, 

and p (y|8 ) is the likelihood function. The mean of deviance, )(8D , is the average 

deviance between data and model from the complete set of iterations. 

The effective number of parameters in the model is calculated by  

pD = )(8D - D (8 )                             (20) 

where D (8 ) is the deviance at the expected value of the unknown parameters (8 ).  
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The DIC is used in Bayesian model selection to calculate a relative fit of each 

model (Chandola et al., 2005; Leckie, 2008; Li et al., 2006; Spiegelhalter et al., 2002). 

The larger DIC is, the worse the fit is. When the difference is larger than either 5 (Li et 

al., 2006) or 10 (Leckie, 2008), researchers considered a substantial difference to 

support the model with the smaller value. 

Most previous studies have simplified analyses by ignoring the multiple-

membership data structures (Lee, 2000; McCoach et al., 2006; Noble & Schnelker, 

2007). Given the frequency with which multiple-membership data structures are 

encountered in applied social science research, it is important to investigate the potential 

impact of ignoring multiple-membership data structures. While some previous studies 

have compared results between modeling versus ignoring a multiple-membership data 

structure, they have involved real datasets. The simulation study below is designed to 

manipulate design factors to assess their impact on the effects of modeling versus 

ignoring multiple-membership data structures.  

 

Statement of Purpose 

Multiple-membership random effects modeling (MMREM) should be used to 

handle data structures in which level one units are members of more than one level two 

classification. Although MMREM has been employed in different social and behavioral 

science research including medical (Browne et al., 2001; Chandola et al., 2005), 
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socioeconomic (Goldstein, Rasbash, Browne, Woodhouse, & Poulain, 2000), and 

educational research (Browne et al., 2001; Goldstein et al., 2007; Leckie, 2008; Selig et 

al., 2008), very few applied researchers have used MMREM.  

Considering how commonly multiple-membership data structures are likely 

encountered and yet inappropriately handled, the effect of these multiple-membership 

data structures on multilevel modeling estimation should be noted. The purpose of this  

study is to explore the impact of multiple-membership data structures on parameter 

estimation and fit index in multilevel modeling. This study was designed to address the 

following three questions for two-level datasets with level one interpreted as students 

and level two as schools: 

1. How are the fixed effect and random effect variance estimates, the 

standard error estimates, and the DIC values affected when multiple-

membership data structures are ignored versus correctly modeled using 

unconditional models? 

2.  How are the fixed effect and random effect variance estimates, the 

standard error estimates, and the DIC values affected when multiple-

membership data structures are ignored versus correctly modeled using 

conditional models? 

3.   Which design factors affect parameter and standard error bias, and the 

DIC values and how? 
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To answer the above questions, a real data study was used to investigate research 

questions 1 and 2 and a simulation study was used to answer research questions 2 and 3. 

To address question 3, the following factors was considered when generating data in the 

simulation study: the percentage of students who changed schools (10%, 20%), the ICC 

(5%, 15%), the number of schools (30, 50) in the dataset, the number of students per 

school (20, 40), and the number of schools attended by mobile students (2, 3). The next 

chapter describes the proposed method for this study including justification for the 

choice of design factors and their levels. 
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Chapter 3: Method 

This study employed a real data analysis and a simulation study to investigate 

the impact of ignoring multiple-membership data structures. First, a large scale national 

data set was used to examine the effects of MMREM. The Early Childhood 

Longitudinal Study, Kindergarten Class of 1998-99 (ECLS-K) was used for the real data 

analysis. After the real data study, a simulation study was designed to assess the impact 

of appropriate versus inappropriate modeling of multiple-membership data structures 

under a variety of manipulated conditions. 

Study 1 

The ECLS-K data set was used to investigate the possible impact of ignoring 

multiple-membership random effects on multilevel modeling. The data collected by the 

National Center for Education Statistics (NCES), followed children in the kindergarten 

class of 1998-1999 through the 3rd grade. The data consist of five total waves of data 

collection: Fall 1998 and Spring 1999 of Kindergarten; Fall 1999 and Spring 2000 of 

first grade; and spring 2002 of third grade (NCES, 2002). The ECLS- K data set 

employed a multistage probability sample design to collect a nationally representative 

sample. Asian-Pacific Islander (API) students were oversampled with a ratio of 2.5 to 1 

(NCES, 2002). The current study did not take into account adjusting for the 

oversampling of APIs. The data revealed that elementary school children change 

schools with frequency. Thus, the data set provides a good example of a multiple-



!
!

31

membership data structure. Students were nested within elementary schools and 

students who changed schools thus were members of multiple elementary schools.  

Participants 

The ECLS-K data are collected at five total waves as discussed above. However, 

this study employed only three time points: in Kindergarten Spring 1999, in 1st grade 

Spring, 2000, and in 3rd grade Spring 2002 due to school information limitations. 

Although multilevel modeling allows researchers to incorporate the level 2 

characteristics to interpret the variability of outcome variables, multilevel modeling 

does not permit having missing variables for level 2. Because the data set provided 

school information (e.g. school sector, school size) only for the spring semester of 

Spring 1999, Spring 2000, and Spring 2002, this study could not incorporate all the 

waves in the analyses. 

! !Due to these limitations, this study can only track students’ mobility across 

three time points: Spring 1999, Spring 2000, and Spring 2002, which resulted in a 

dataset containing a total of 14,772 students. The sample showed the following mobility 

pattern in terms of elementary schools attended across the time frame: no change 

(72.19%; n = 10,665), one change (23.48%; n = 3,468), and two changes (4.33%; n = 

639). Students who had attended schools for which any school information (i.e., school 

id and values on the school descriptor used in analyses) was missing were deleted from 

the analysis. The deletion reduced the final sample size to 5,054. Among the 5,054 
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students, 766 students (15.16%) attended 2 schools from Spring 1999 to Spring 2002, 

and 95 students (1.88%) attended 3 schools over the time periods.  

Students were asked whether they changed schools using “Yes” or “No” 

questions between each time point, If they answered “No”, then they attended the same 

school between the time points. If they said “Yes”, then they attended the different 

schools. There might be the chance that students attended more than two different 

schools since the questions was designed to answer “Yes” or “No” rather than to answer 

how many times they changed schools. However, this study assumed that all the 

students who answered “Yes” attended only two different schools. It should be noted 

that the results need to be interpreted with these limitations in mind.  

Measures 

The adaptive Item Response Theory (IRT)-scaled math assessment at the final 

time point was used as the outcome measure. The ECLS-K user’s manual reported an 

IRT-based reliability estimates of 0.94 for scores on this math assessment.  

Predictors 

 One student level predictor and one school level predictor were included in the 

analysis. Gender has been selected as the student level predictor. Gender was coded 

with a value of one for males and zero for females. In the final dataset, there were 2,525 

males (49.96%), and 2,529 females (50.04%). The percentage of students in a school 

who are eligible for the free lunch program has been chosen as the school level predictor. 



!
!

33

Across schools, this percentage ranges from 0% to 74.93 % for kindergarten, 0% to 

95% for 1st grade, and 0% to 95% for 3rd grade schools.  

Analyses  

 SAS software (SAS Institute Inc, 2008) was used to create weights for analysis. 

If a student had attended the same school across the three time periods, then the first 

weight was assigned a value of one and the second and third weights were each 

assigned zeroes. If a student attended different schools at each of the three time points, 

then the weights for each of the time periods was assigned a value of one-third. If 

students changed schools once over the period of the analysis, for simplicity, equal 

weights were assigned to the two different schools regardless of the relative length of 

attending.  

MLwiN software (version 2.10, 2008) was used for estimating each of the 

models using MCMC techniques. One chain was run with 50,000 iterations with a burn-

in of 5,000. The MLwiN default priors (i.e., noninformative priors) for all the 

parameters were used. Two different unconditional multilevel models were fit to the 

data to investigate the impact of ignoring the multiple-membership data structure. A 

purely hierarchical model that models only the recent school attended was compared 

with the MMREM that models each school attended. Two different conditional 

multilevel models that adjusted for student gender and school percentage of students 

participating in the free lunch program were fit to the data. Two models were described 
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in the section that follows.  

Fully unconditional HLM. To address the research question 1, an unconditional 

HLM was estimated. In the unconditional HLM, the students were nested in (the most 

recently attended) schools. The level 1 equation was represented as: 

ijjij ey !" 0#                               (21) 

where ijy  represents the IRT-scaled math score for student i at a given school j in the 

3rd grade in Spring 2002. At level 2, the model was: 

jj u0000 !" '# .                            (22) 

The level 1 and level 2 equations can be combined as a single equation as follows: 

ijjij euy !!" 000' .                           (23) 

Fully unconditional MMREM. To investigate research question 1, an 

unconditional MMREM was also be estimated. In the unconditional MMREM, students 

were modeled as nested in schools while modeling potential multiple-membership. The 

unconditional MMREM level 1 model was as follows: 

4 5 4 5 4 5jijji ey !" 0#                            (24) 

where student i might attend multiple schools {j} where {j} identifies the set of schools 

attended in Spring 1999, Spring 2000, and Spring 2002. 

and level 2 equation was: 
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As a single equation, Equations 24 and 25 can be combined as follows: 
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where {j} represents the set of schools of which student i is a member of multiple units 

and where the sum of weights for each student is equal to one, i.e.,
4 5
6
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Conditional HLM. To assess the research question 2, a conditional HLM was  

estimated. The level 1 equation was as follows: 

ijijjjij eGendery !!" )(10 ##                      (27) 

and the level 2 equation was: 
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where i indicates student attending the most recent school j (here, when in 3rd grade 

during Spring 2002). The effect of gender was modeled as fixed across schools (see 

Equation 28).  

Equations 27 and 28 could be combined to obtain a single equation for the 

model as follows: 

ijjjijij eufreelunchperGendery !!!!" 0011000 )_()( ''' .         (29) 

 Conditional MMREM. The conditional MMREM modeling the clustering of 

students at level one within schools at level two with some students as members of 

multiple schools had the following level 1: 

4 5 4 5 4 5 4 5 4 5jijijjji eGendery !!" )(10 ##    (30) 

and level 2 equation was: 
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Note that the values of each school’s percentage of free lunch program students is 

combined into the level two predictor. As a single equation, Equations 30 and 31 can be 

combined as follows: 
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In order to investigate the potential effect of a multiple-membership data 

structure, the study is designed to compare the differences between the HLM and 

MMREM model estimates for both unconditional and conditional models. First, the 

parameter and standard error estimates of the fixed effects were compared. Second, 

random effect variance estimates and standard error estimates for both level 1 and level 

2 variance components were compared. Finally, the values of the DIC were compared to 

assess which model best fits the data for the unconditional and conditional model 

estimates, respectively.  

Study 2 

Simulated Conditions 

A simulation study has been designed to compare the results from modeling 

versus ignoring multiple-membership data structures under a variety of manipulated 

conditions. The manipulated conditions in the simulation study included the following: 

percentage of students who are mobile (10%, 20%), intra-class correlation coefficient 
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(5%, 15%), number of schools (30, 50), number of students per school (20, 40), and 

number of schools attended by mobile students (2, 3). Table 1 details the combination of 

the manipulated conditions in this simulation study. MLwiN was used to generate 100 

data sets per combinations of conditions. One chain was run with 50,000 iterations with 

a burn-in of 5,000. The MLwiN default priors (i.e., noninformative priors) for all the 

parameters were used in MCMC estimation. 

Mobility. In order to select the values of student mobility, several large scale 

national longitudinal datasets (ECLS-K, NELS: 88, and NELS: 2000) were examined. 

The results indicated a range of student mobility from approximately 8% to 17% over 

the two school years. To mimic findings from the real data sets, values of 10% and 20% 

have been selected to depict small and moderate levels of student mobility.  

Intra-class Correlation Coefficient. Values of the ICC were also manipulated 

based on values found from a search of applied and methodological research studies 

(Mass & Hox, 2005; Meyers & Beretvas, 2006). Based on previous simulation studies 

(Meyers & Beretvas, 2006), small and moderate ICC values was used (5% and 15%, 

respectively). The level one variance was set to a value of one for generating data. 

After including one student predictor and one school predictor, the value for the level 2 

residual variance was derived from the condition’s conditional ICC value and the level 

one variance value of one.  

Number of schools. The optimal minimal level 2 (here, schools) sample size has 
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been debated by several researchers (Kreft & de Leeuw, 1998; Mass & Hox, 2005; Van 

der Leeden, Busing, & Meijer, 1997). To assess the impact of the level 2 sample size in 

multiple-membership data structures, two values of number of schools were 

investigated, namely, 30 and 50. 

Average school size. The two values for the number of level one units within 

level two units was selected using reasonable values also used in a previous simulation 

study (Meyers & Beretvas, 2006). The average school size times the number of schools 

is equal to total sample size. To mimic real data sets and investigate the impact of level 

1 sample sizes, two values, 20 and 40, were used for the number of students per school. 

Data Generation 

The data were generated to fit a two-level multiple-membership data structure 

to mimic the clustering of students at level one, within schools at level two, with some 

students as members of multiple schools. The data were generated to include one 

student level and one school level predictor. Using the notation of Beretvas (2008), the 

level 1 equation used to generate the outcome score, y, was as follows: 

4 5 4 5 4 5 4 5jijijji eXy !!" 4.00#                       (33) 

and the level 2 equation was: 

4 5 $ %: ;
4 5
6
7

!!"
jh

hhihj uZw 00 4.0100#                     (34) 

where i represents student and j indexes school. The generating values for fixed effects 

are thus: 100 for the intercept, 0.4 for X and 0.4 for Z. The single equation representing 
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the model obtained by combining Equations 33 and 34 was as follows: 

4 5 4 5
4 5 4 5

4 5ji
jh

hih
jh

hihjiji euwZwXy !!!!" 66
77

04.04.0100 .           (35) 

Thus for non-mobile students, the following equation was used to generate data for 

student i attending a single school j: 

ijjjijij euZXy !!!!" 4.04.0100 .                   (36) 

When the number of schools attended by “mobile” students is two, weights were 

assigned so that they represented the length of time that students attended each school 

with weights for each student summing to one (i.e. where {j} = {1 , 2}). Equation 35 

becomes either:  

4 5 4 5 $ %
4 5ji

iijiji

euu
ZZXy

!!!

!!!"

0201

2211

3/23/1

3/23/14.04.0100
             (37) 

or 

4 5 4 5 $ %
4 5ji

iijiji

euu
ZZXy

!!!

!!!"

0201

2211

3/13/2

3/13/24.04.0100
.            (38) 

Equation 37 or 38 was used to generate data for students attending two different schools. 

Similarly, when a mobile student attended three schools (i.e., where {j} = {1, 2, and 3}), 

the following equation was used:  

4 5 4 5 $ %
4 5ji

iiijiji

euuu
ZZZXy

!!!!

!!!!"

030201

332211

3/13/13/1

3/13/13/14.04.0100
.          (39) 

Values for the predictors X and Z for each level one (here, student) and each level two 

unit (here, school) were sampled from normal distributions with means of 50 and 

standard deviations of 10 based on the previous study (Meyers & Beretvas, 2006). The 
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level one and two residuals (ei{j} and u0{j}, respectively) were also sampled from normal 

distributions with means of zero. The variance of the ei{j} was fixed at a value of one 

across conditions. The generating value for the variance of 4 5ju0  is 0.0526 for 

conditions with the ICC of .05 and 0.1765 for conditions with the ICC of .15. Once the 

level one and level two residuals and predictors have been generated for each level one 

and two unit, the values were substituted into the relevant equation to obtain the value 

on the outcome variable, y. For non-mobile students, students attending two, and 

students attending three schools, the relevant equation numbers include 36, 37, 38, and 

39, respectively. The next section describes how multiple-membership (here, 

operationalized as student mobility) was incorporated into the dataset.
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Table 1 

Simulation Design Conditions 
 

Condition 
 
 

Percentage 
of Student 
Mobility 

ICC 
 
 

Total 
Number of 

Schools 

Average 
School  

Size 

Number of 
Schools 
attended  

1 10% 5% 30 20 2 
2 10% 5% 30 20 3 
3 10% 5% 30 40 2 
4 10% 5% 30 40 3 
5 10% 5% 50 20 2 
6 10% 5% 50 20 3 
7 10% 5% 50 40 2 
8 10% 5% 50 40 3 
9 10% 15% 30 20 2 

10 10% 15% 30 20 3 
11 10% 15% 30 40 2 
12 10% 15% 30 40 3 
13 10% 15% 50 20 2 
14 10% 15% 50 20 3 
15 10% 15% 50 40 2 
16 10% 15% 50 40 3 
17 20% 5% 30 20 2 
18 20% 5% 30 20 3 
19 20% 5% 30 40 2 
20 20% 5% 30 40 3 
21 20% 5% 50 20 2 
22 20% 5% 50 20 3 
23 20% 5% 50 40 2 
24 20% 5% 50 40 3 
25 20% 15% 30 20 2 
26 20% 15% 30 20 3 
27 20% 15% 30 40 2 
28 20% 15% 30 40 3 
29 20% 15% 50 20 2 
30 20% 15% 50 20 3 
31 20% 15% 50 40 2 
32 20% 15% 50 40 3 

Note. ICC = Intra-class Correlation Coefficient. 
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Generating multiple-membership patterns. The data structure was generated to 

mimic the multiple-membership data structure that results from students’ moving 

schools. Two maximum values (m = two and three) for the number of level two units of 

which each level one unit was a member was investigated in the current study. These 

conditions were fully crossed with the percentage of level one units that are multiple 

members (mm% = 10% and 20%). Thus, a procedure has to be implemented that 

identifies level one units who were multiple members and those who were not. In 

addition, the associated level two units have to be generated.  

At a general level, the following procedure was used. Unique level two 

identifiers (for each level one unit) was generated for the condition’s maximum number 

of level two units (m). Thus, for example, in the m = 2 conditions, every level one 

(student) unit has two unique level two (school) units generated. Next, the condition’s 

percent multiple members (mm%) was used to identify which level one units were 

associated with m level two units (and thus also which level one units was only 

associated with one level two unit). This means that even though every level one unit in 

the dataset had m level two units, only mm% of the level one units had non-zero (w = 

1/m) weights associated with each of their level two units.  

Analyses 

MLwiN was used to fit the inappropriate HLM model (that ignores the 

multiple-membership data structure) and the appropriate MMREM model to each 
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multiple-membership dataset. The level 1 equation for the HLM was as follows: 

ijijjjij eXy !!" 10 ##                         (40) 

and the level 2 equation was: 

*+

*
,
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001000
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''#

j

jjj uZ
                       (41) 

where i depicts students, and j represents the recent school attended. As a single 

equation, Equations 40 and 41 become: 

ijjjijij euZXy !!!!" 0011000 ''' .                   (42) 

The coefficient for the student level predictor ijX  was modeled as fixed across schools. 

The MMREM model that was estimated was at level one: 

4 5 4 5 4 5 4 5 4 5jijijjji eXy !!" 10 ##                        (43) 

and at level two: 

4 5
4 5 4 5

4 5*+

*
,
-

"

!!" 66
77

101

001000

'#

''#

j

jh
hih

jh
hihj uwZw

.          (44) 

As a single equation the correct MMREM model that was estimated is as follows: 

4 5 4 5
4 5 4 5

4 5ji
jh

hih
jh

hihjiji euwZwXy !!!!" 66
77

0011000 ''' .             (45) 

Weights were assigned proportional to the length of time that a student (level one) 

attended a school (level two).  

Models’ parameter and standard error estimates and the DIC values were saved: 

Specifically, the estimates for the intercept, level 1 predictor, and level 2 predictor as 

well as for the level one and two random effect variance components. SAS software was 
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used to summarize the estimated fixed effects and random effect variance components 

across the 100 simulated data sets for each combination of conditions. The parameters’ 

recovery was evaluated using the percentage relative bias (Hoogland & Boomsma, 

1998). The relative bias was calculated for each fixed effect and random effect variance  

estimate using the following formula: 

i

ii
iB

8
88
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>
?

@
A
B

^
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                           (46) 

where i8  is the generating true value of ith parameter, i

^
8  is the average of the 

estimates for the ith parameter for across 100 simulated data set (Hoogland & Boomsma, 

1998).  

Besides checking the relative bias of fixed effects and random effect variance 

estimates, the bias of the standard error estimates was calculated using the following 

formula: 
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where 
^

i
se8 is the standard deviation of the estimates (

^

i8 s) across each condition’s 100 

simulated data set, and ^
^

ise8  is the average of the standard error estimates of 
^

i8 (Hoogland & Boomsma, 1998).!According to Hoogland and Boomsma (1998), a 

cutoff value of .05 for the relative parameter estimates bias and cut off value of .10 for 

the relative standard error were considered acceptable degrees of bias.  

In addition to parameter estimates and standard error, values of the DIC were 
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evaluated across the thirty-two conditions. The proportions of correct model 

identification based on the DIC were tallied. While the smaller value of DIC supports 

better model fit to the data, a difference of more than 10 has been suggested as a 

reasonable cutoff for favoring the model with a lower DIC (Leckie, 2008). This study 

assessed use of this cutoff for model selection. Specifically, the proportions of correct 

(MMREM) model selection across conditions were tallied using this cutoff.    

In addition to the descriptive analyses, the ANOVA was conducted to explore 

the effect of simulation conditions on the parameter and standard error bias. Only main 

effects and 2-way interaction effects were analyzed with the simulation conditions as 

independent variables and the relative bias as the outcome variable. An alpha level 

of .01 was used as a cutoff value for statistical significance. Additionally, the partial-eta 

squared ( 2
pC ) effect size was calculated as a measure of practical significance. The 2

pC  

is calculated using the following formula:  

erroreffect

effect
p SSSS

SS
!

"2C            (48) 

where effectSS  is the sum of squared deviations corresponding to the relevant main or 

interaction effect and errorSS  is the sum of the squared errors. A value of .05 for the 

2
pC  along with statistical significance using an alpha level of .01 was used as a cutoff.  
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Chapter 4: Results 

 

This chapter compares the results of estimating HLM versus MMREM. HLM 

ignores the multiple-membership data structure while MMREM correctly models it. In 

Study 1, the models were estimated using a real dataset. For this dataset, fixed effect 

estimates and random effect variance estimates, standard error estimates, and values of 

the fit index (i.e., DIC) were compared between HLM and MMREM. In Study 2, fixed 

effect estimates, random effect variance estimates, and values of the DIC were 

summarized across thirty- two manipulated conditions for each model. Both relative 

parameter and standard error biases were summarized and ANOVAs were used to 

identify which design conditions had an impact on the relative bias. 

 

Study 1 

Descriptive Statistics 

The ECLS-K dataset used in study 1 contains data for 5,054 3rd grade students 

nested within 773 schools during Spring 2002. Among the 5,054 students, 766 students 

(15.16%) attended 2 schools from Spring 1999 to Spring 2002, and 95 students (1.88%) 

attended 3 schools. The remainder attended the same school at all three time points. 

Table 2 provides descriptive statistics for the variables included in the analyses. 
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Table 2 

 Descriptive Statistics for Real Dataset(N = 5,054) 
 

Variable Mean SD Min Max Skew Kurt

Math Score 85.57 17.46 33.52 120.42 !0.49 !0.54  

Per_free at time1 29.15 26.42 0.00 95.00 0.92 !0.03  

Per_free at time2 25.48 25.92 0.00 95.00 1.19 0.53  

Per_free at time3 27.41 25.44 0.00 93.00 0.97 0.10  

Weighted per_free 28.76 25.79 0.00 95.00 0.95 0.08  

Note. Per_free at time i = Percentage of students eligible for the free lunch program at a 
given school at time i. Time1 = Kindergarten in Spring 1999; time2 = 1st grade in 
Spring 2000; time3 = 3rd grade in Spring 2002. Weighted per_free = Weighted 
percentage of students eligible for the free lunch program across the schools attended 
by a student. SD = Standard Deviation, Min = Minimum, Max = Maximum, Skew = 
Skewness, Kurt = Kurtosis. 

 

The student level predictor, gender, was coded as follows: boys were coded 

with 1 and girls were coded with 0. The weighted percentage of students eligible for the 

free lunch program was calculated as follows. First, the percentage of students eligible 

for the free lunch program at each school attended by a student was multiplied by the 

corresponding school’s “weight” (where the weights summed to one for each student). 

The weighted percentages for each student were then summed together to represent the 

weighted percentage for the schools attended by each student. For example, if a student 

attended three different schools over the three time points, then each school’s 

percentage was weighted by a third, and the three resulting values were summed 
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together to represent the weighted average percentage of students in the free lunch 

program across all schools attended by the student.  

The unconditional ICC estimate for the Math score outcome was: .223 for the 

HLM and .233 for the MMREM. After accounting for the students’ gender and the 

percentage of students eligible for the free lunch program at each school, the conditional 

ICCs were: .111 and .114 for the HLM and MMREM, respectively.  

Each MCMC chain was run for 50,000 iterations with 5,000 burn-ins. MLwiN 

software provides several MCMC diagnostics, including the Raftery-Lewis statistic 

(Raftery & Lewis, 1992). Each fixed effect estimate and random effect variance 

estimate was checked using these statistics. The 50,000 iterations with 5,000 burn-ins 

seemed to be sufficient for all the estimates based on the Raftery-Lewis statistic. 

Fixed Effect Estimates 

 The two models showed similar results for the fixed effect estimates. Table 3 

contains the fixed effect estimates for the intercept and two predictor variables with the 

associated standard error. The intercept term’s estimate was slightly higher in the 

MMREM than in the HLM for both the conditional and unconditional models. Gender 

(i.e., student level predictor) and percentage of students eligible for the free lunch 

program (i.e., school level predictor) were both statistically significant predictors in 

both models. The HLM standard errors associated with the intercept and school level 

predictor estimates were smaller than the MMREM standard errors. However, the 
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standard error estimate associated with the student level predictor in the HLM was 

larger. Girls and students who attended schools with a high percentage of students 

eligible for the free lunch program performed significantly worse on the math test (p 

< .01).  

 

Table 3 

Fixed Effect Estimates for Real Dataset 
 

  HLM MMREM 

Model Variable Coefficient SE Coefficient SE 

Unconditional     

 Intercept 84.715* 0.378 85.008* 0.447 

Conditional     

 Intercept 90.458* 0.522 90.562* 0.570 

 Per_free !0.223* 0.012 !0.229* 0.013 

 Gender  2.855* 0.450  2.935* 0.447 

* p < .01 

 

Random Effect Variance Estimates 

The two models produced minor differences in the random effect variance 

estimates. Table 4 contains the random effect variance estimates and associated standard 

error for each model. In both the unconditional and the conditional models, accounting 
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for school mobility through the use of the MMREM tended to lead to larger estimates of 

both the student and school level variability in the math scores.  

 

Table 4 

 
Random Effect Variance Estimates for Real Dataset 
 

  HLM MMREM 

Model Variance  
Component Coefficient SE Coefficient SE 

Unconditional      

 Students 240.148* 5.326 242.948* 5.115 

 Schools  69.058* 6.640  73.680* 7.530 

Conditional     

 Students 239.989* 5.240 241.493* 5.034 

 Schools  29.819* 4.076  31.003* 4.176 

* p < .01 

 

Minor differences in the standard error associated with the random effect 

variance estimates were found at the student and the school level. In the unconditional 

and conditional models, the standard error associated with the random effect variance 

estimates for level one (i.e., students) was smaller in the MMREM than in the HLM. 

However, the standard error estimate for level two (i.e., schools) was smaller in the 
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HLM than in the MMREM.  

Fit Index  

 Table 5 contains the values of the DIC for each of the models estimated. 

Modeling the change in school membership using MMREM improved the fit over that 

of HLM by substantial differences based on D10 cutoff for both the unconditional and 

the conditional models (DDIC = 108.93 and 51.40, respectively). Based on the DIC fit 

index, MMREM provided a better fit to the data. 

 

Table 5 

Fit Index Values for Real Dataset 
 

!  HLM MMREM 

Unconditional Model   

       DIC 42533.66 42424.73 

Conditional Model   

       DIC 42358.83 42307.43 

Note. DIC = Deviance Information Criterion. 

 

Study 2 

The simulation study employed Gibbs Sampling, which requires researchers to 

select starting values for each parameter (Browne, 2004). This study ran iterative 

generalized least squares (IGLS) to provide the starting values before running MCMC. 
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In the simulation study, some of the generated datasets led to inadmissible starting 

values, such as a value of zero for level one or level two variance estimates with IGLS. 

Additional datasets were generated to obtain one hundred data sets per condition with 

admissible starting values. To determine the necessary number of iterations, this study 

used the Raftery-Lewis diagnostic (Raftery & Lewis, 1992). For the first data sets 

generated across the thirty-two conditions in MMREM, this study ran 50,000 iterations 

with 5,000 used for burn-in. This satisfied the minimum number of Gibbs Sampler 

suggested by the Raftery-Lewis diagnostic. All estimates were obtained using MCMC 

estimation with 50,000 iterations and 5,000 burn-ins. Previous researchers have shown 

that running more than 50,000 iterations has a minimal effect on the results (Chandola 

et al., 2005). Therefore, running a longer chain was not considered in the analyses. The 

multiple-membership data structure that was generated included one level 1 and one 

level 2 predictors. 

Fixed Effect Estimates 

Intercept. Descriptive statistics for the intercept estimates appear in Table 6 and 

the relative bias of parameter estimates are summarized in Table 7. The thirty-two 

conditions are identified by number (Refer to Table 1 for the detailed description of 

each condition).
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Table 6 

Descriptive Statistics for Intercept Estimates  
 

 HLM MMREM 
Condition Mean SD Mean SD 

1 101.07  0.50  100.01  0.42  
2 101.37  0.53   99.98  0.43  
3 101.02  0.40   99.95  0.32  
4 101.36  0.38   99.97  0.31  
5 101.00  0.39   99.98  0.31  
6 101.33  0.44   99.98  0.35  
7 101.00  0.31  100.00  0.24  
8 101.32  0.31  100.00  0.24  
9 101.05  0.61   99.99  0.57  

10 101.38  0.61   99.99  0.56  
11 101.02  0.52   99.94  0.48  
12 101.35  0.49   99.96  0.47  
13 100.98  0.45  100.00  0.39  
14 101.32  0.48  100.00  0.41  
15 100.97  0.38   99.98  0.35  
16 101.30  0.40   99.97  0.35  
17 102.06  0.53  100.02  0.43  
18 102.72  0.59  100.00  0.44  
19 102.06  0.39   99.95  0.31  
20 102.77  0.42   99.99  0.31  
21 102.04  0.47   99.98  0.34  
22 102.73  0.49  100.02  0.35  
23 102.02  0.33  100.00  0.24  
24 102.66  0.34   99.99  0.24  
25 102.06  0.63  100.00  0.58  
26 102.72  0.68   99.99  0.59  
27 102.07  0.51   99.95  0.46  
28 102.77  0.48   99.98  0.46  
29 102.02  0.49   99.99  0.40  
30 102.71  0.51  100.01  0.43  
31 101.98  0.37   99.97  0.35  
32 102.66  0.41   99.97  0.35  

Note. SD = Standard Deviation. The generating true value for the intercept was 100.00. 
Refer to Table 1 for detailed description for condition. 
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Table 7 

Relative Bias of Parameter and Standard Error (SE) Estimates for Intercept  
 

!  HLM MMREM 
Condition Parameter SE Parameter SE 

1 0.01  !0.56  0.000125 !0.63  
2 0.01  !0.56  !0.000200 !0.64  
3 0.01  !0.67  !0.000456 !0.67  
4 0.01  !0.65  !0.000280 !0.66  
5 0.01  !0.68  !0.000252 !0.73  
6 0.01  !0.71  !0.000169 !0.76  
7 0.01  !0.75  0.000001 !0.75  
8 0.01  !0.75  !0.000045 !0.74  
9 0.01  !0.43  !0.000114 !0.49  
10 0.01  !0.43  !0.000087 !0.48  
11 0.01  !0.52  !0.000574 !0.51  
12 0.01  !0.48  !0.000393 !0.47  
13 0.01  !0.59  0.000031 !0.61  
14 0.01  !0.61  !0.000005 !0.63  
15 0.01  !0.61  !0.000218 !0.61  
16 0.01  !0.63  !0.000258 !0.60  
17 0.02  !0.46  0.000169 !0.63  
18 0.03  !0.49  !0.000033 !0.64  
19 0.02  !0.59  !0.000531 !0.66  
20 0.03  !0.60  !0.000149 !0.65  
21 0.02  !0.66  !0.000178 !0.74  
22 0.03  !0.66  0.000181 !0.76  
23 0.02  !0.72  0.000019 !0.74  
24 0.03  !0.72  !0.000067 !0.74  
25 0.02  !0.39  !0.000013 !0.50  
26 0.03  !0.41  !0.000077 !0.50  
27 0.02  !0.46  !0.000480 !0.48  
28 0.03  !0.43  !0.000234 !0.46  
29 0.02  !0.57  !0.000130 !0.62  
30 0.03  !0.58  0.000065 !0.64  
31 0.02  !0.59  !0.000261 !0.61  
32 0.03  !0.62  !0.000283 !0.60  
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Relative bias of intercept. Hoogland and Boomsma (1998) recommend using a 

value of 0.05 as the cut-off for substantial relative parameter bias. Based on this limit, 

all intercept estimates were not substantially biased under either the HLM or the 

MMREM. Given the lack of substantial bias found for the intercept estimate, an 

ANOVA was not conducted with these results.  

Standard error bias of intercept. Hoogland and Boomsma’s criteria (1998) 

recommend using 0.10 as the cut-off value for the magnitude of the relative standard 

error bias when the relative bias of parameter estimates is acceptable (i.e., the 

magnitude of the relative parameter estimation bias is less than 0.05). Using this 

criterion, the standard error estimates were excessively underestimated for all the 

conditions using both the HLM and MMREM. 

The ANOVA results for HLM standard error estimates revealed that the standard 

error bias of the intercept estimates depended on the number of schools, the ICC, and 

the number of students per school. The number of schools had an impact on the 

observed negative standard error of the intercept estimates, F (1, 3184) = 1700.83,  p 

< .01, 2
pC  = .348. The average standard error bias in the conditions with 30 schools 

was !0.509 whereas the average standard error bias in conditions with 50 schools was 

worse, with an average value of !0.652 across these conditions.   

The ICC was also associated with the observed negative standard error bias, F (1, 

3184) = 1130.14,  p < .01, 2
pC  = .262. The average standard error bias was !0.639 
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when the ICC was .05, compared to !0.522 when the ICC was .15. The more variance 

at the school level, the less negative bias was found in the standard error estimates.   

Another significant factor associated with the standard error bias was the 

number of students per school, F (1, 3184) = 319.56,  p < .01, 2
pC = .091. The average 

standard error bias of the intercept estimates in the conditions with 20 students per 

school was !0.549 compared to !0.611 in the conditions with 40 students per school. As 

the sample size at the student level (i.e., level one) increased, the standard error 

estimates became more negatively biased. None of the two-way interaction effects 

between pairs of design conditions was found to have a substantial effect on the 

observed negative standard error bias of the intercept estimates. 

In MMREM, the negatively biased standard error of the intercept estimates 

depended on the ICC and the number of schools. The ICC was found to have an impact 

on the negative standard error bias, F (1, 3184) = 1277.30,  p < .01, 2
pC = .286. The 

average standard error bias in the conditions when the ICC was .05 was !0.697 

compared to !0.550 in the conditions when the ICC was .15. The more variance at level 

two (here, school), the smaller the magnitude of the negative standard error bias. The 

number of schools was also found to have an impact on the negative standard error bias, 

F (1, 3184) = 742.29,  p < .01, 2
pC = .189. The average standard error bias under 

conditions with 30 schools was !0.567, while under conditions with 50 schools it was  

!0.680. As the number of schools increased, the magnitude of the negative standard 
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error bias tended to be larger. None of two-way interactions between the manipulated 

conditions had a substantial impact on the standard error bias of the intercept estimates.  

X, level one predictor. Table 8 contains the descriptive statistics for the level one 

predictor estimates. Table 9 contains the corresponding relative bias estimates.  
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Table 8 

Descriptive Statistics for Level One Predictor Estimates  

 

 HLM MMREM 
Condition Mean SD Mean SD 

1 0.399  0.005  0.399  0.004  
2 0.399  0.005  0.399  0.004  
3 0.400  0.004  0.400  0.003  
4 0.400  0.004  0.400  0.003  
5 0.401  0.004  0.401  0.003  
6 0.401  0.005  0.400  0.003  
7 0.401  0.003  0.400  0.002  
8 0.401  0.004  0.400  0.003  
9 0.399  0.005  0.399  0.004  

10 0.399  0.005  0.399  0.004  
11 0.400  0.005  0.400  0.003  
12 0.400  0.004  0.400  0.003  
13 0.401  0.005  0.400  0.003  
14 0.401  0.005  0.400  0.003  
15 0.401  0.003  0.400  0.002  
16 0.401  0.004  0.400  0.002  
17 0.399  0.006  0.399  0.004  
18 0.399  0.007  0.399  0.004  
19 0.400  0.005  0.400  0.003  
20 0.400  0.006  0.400  0.003  
21 0.400  0.005  0.400  0.003  
22 0.400  0.005  0.400  0.003  
23 0.400  0.004  0.400  0.002  
24 0.401  0.004  0.400  0.002  
25 0.399  0.006  0.399  0.004  
26 0.399  0.008  0.399  0.004  
27 0.400  0.005  0.400  0.003  
28 0.400  0.006  0.400  0.003  
29 0.401  0.006  0.400  0.003  
30 0.400  0.006  0.400  0.003  
31 0.400  0.004  0.400  0.002  
32 0.401  0.004  0.400  0.002  

Note. SD = Standard Deviation. The value used to generate the student level predictor 
was 0.40. 
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Table 9 
 
Relative Bias of Parameter and Standard Error (SE) Estimates for Level One Predictor 
 

!  HLM MMREM 
Condition Parameter SE Parameter SE 

1 !0.0022 !0.994  !0.0018 !0.996  
2 !0.0025 !0.994  !0.0017 !0.996  
3 !0.0009 !0.996  0.0005 !0.997  
4 !0.0002 !0.996  0.0003 !0.997  
5 0.0016 !0.996  0.0013 !0.997  
6 0.0017 !0.996  0.0009 !0.997  
7 0.0016 !0.997  0.0008 !0.998  
8 0.0015 !0.997  0.0006 !0.998  
9 !0.0021 !0.994  !0.0016 !0.996  
10 !0.0023 !0.994  !0.0017 !0.996  
11 !0.0009 !0.997  0.0005 !0.997  
12 0.0006 !0.996  0.0006 !0.997  
13 0.0016 !0.996  0.0010 !0.997  
14 0.0014 !0.996  0.0009 !0.997  
15 0.0019 !0.997  0.0009 !0.998  
16 0.0020 !0.997  0.0009 !0.998  
17 !0.0014 !0.993  !0.0020 !0.996  
18 !0.0019 !0.993  !0.0021 !0.996  
19 !0.0010 !0.995  0.0003 !0.997  
20 !0.0005 !0.996  !0.0003 !0.997  
21 0.0012 !0.995  0.0005 !0.997  
22 !0.0001 !0.994  !0.0001 !0.997  
23 0.0008 !0.997  0.0007 !0.998  
24 0.0014 !0.996  0.0008 !0.998  
25 !0.0025 !0.993  !0.0019 !0.996  
26 !0.0015 !0.994  !0.0023 !0.996  
27 !0.0001 !0.996  0.0004 !0.997  
28 0.0005 !0.996  0.0002 !0.997  
29 0.0019 !0.995  0.0009 !0.997  
30 0.0008 !0.995  0.0003 !0.997  
31 0.0012 !0.997  0.0007 !0.998  
32 0.0017 !0.996  0.0009 !0.998  
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Relative bias of level one predictor. Based on Hoogland and Boomsma’s 

criterion (1998), no substantial relative parameter bias was found in the fixed effect 

estimates of the level one predictor under either the MMREM or the HLM.  

Standard error bias of level one predictor. None of the values met Hoogland and 

Boomsma’s criteria (1998) for insubstantial standard error bias. Both HLM and 

MMREM underestimated all standard error estimates of the level one predictor. The 

ANOVA results for HLM estimates indicated that the number of students per school, F 

(1, 3184) = 3974.79,  p < .01, 2
pC  = .555, the number of schools, F (1, 3184) =  

1762.36,  p < .01, 2
pC  = .356, and the percentage of mobile students, F (1, 3184) =  

595.91,  p < .01, 2
pC  = .158 had an impact on the observed negative standard error 

bias. The average standard error bias in the conditions with 20 students per school was  

!0.994 compared to !0.996 in the conditions with 40 students per school. Thus, 

although the value of 2
pC  met the criteria for a substantial effect, the actual observed 

difference in the standard error bias between the 20 students per school and 40 students 

per school conditions was miniscule. Similarly, the difference in average standard error 

bias was only 0.001 between conditions with 30 schools (!0.995) versus those with 50 

schools (!0.996); again very small. Lastly, the average standard error in the conditions 

with 10% mobility was !0.996 versus !0.995 in the conditions with 20%. Thus, the 

difference was also minor for the main effect found for percentage of mobile students.  

A substantial interaction effect was found between the number of schools and 
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the number of students per school, F (1, 3184) = 206.79,  p < .01, 2
pC  = .061. In 

conditions with both 30 schools and 50 schools, the magnitude of the negative standard 

error bias tended to be larger with 40 students. In conditions with 30 level two units 

(here, schools), the average standard error bias with 20 students per school was !0.993 

compared to !0.996 with 40 students per school. With 50 level two units, the average 

standard error bias in the conditions with 20 students was !0.995 versus !0.997 in the 

conditions with 40 students. The difference with 50 level two units was 0.002 as 

opposed to a difference of 0.003 in the conditions with 30 level two units. Although the 

2
pC  of .061 indicated a medium effect size for the interaction effect, the difference of 

the differences does not seem to suggest practical significance.  

When estimating MMREM, the number of students per school, F (1, 3184) = 

18465.00,  p < .01, 2
pC = .853, and the number of schools, F (1, 3184) = 10079.00,  p 

< .01, 2
pC = .760 were found to have an impact on the standard error estimates. The 

average standard error in the conditions with 20 students per school was !0.996 

compared to !0.997 in the conditions with 30 students per school. Again, the difference 

was very small in a practical sense. None of the two-way interactions between 

conditions included in the study were found to have a substantial effect on the standard 

error estimation. 

Z, level two predictor. Table 10 contains descriptive statistics for the level two 

predictor’s parameter estimates. Summary of the observed relative bias of parameter 
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estimates and standard error estimates are given in Table 11. 
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Table 10 

Descriptive Statistics for Level Two Predictor Estimates  
 

 HLM MMREM 
Condition Mean SD Mean SD 

1 0.379  0.008  0.400  0.007  
2 0.374  0.008  0.401  0.007  
3 0.380  0.006  0.401  0.005  
4 0.373  0.006  0.400  0.005  
5 0.379  0.006  0.400  0.005  
6 0.373  0.007  0.400  0.005  
7 0.380  0.005  0.400  0.004  
8 0.373  0.005  0.400  0.004  
9 0.380  0.010  0.401  0.010  

10 0.374  0.010  0.401  0.010  
11 0.380  0.009  0.401  0.008  
12 0.373  0.009  0.400  0.009  
13 0.380  0.008  0.399  0.007  
14 0.373  0.008  0.400  0.007  
15 0.380  0.007  0.400  0.007  
16 0.373  0.007  0.400  0.006  
17 0.360  0.009  0.400  0.007  
18 0.347  0.010  0.401  0.007  
19 0.359  0.005  0.401  0.005  
20 0.345  0.006  0.400  0.005  
21 0.359  0.007  0.400  0.005  
22 0.346  0.008  0.400  0.006  
23 0.360  0.005  0.400  0.004  
24 0.346  0.005  0.400  0.004  
25 0.360  0.010  0.401  0.010  
26 0.347  0.011  0.401  0.011  
27 0.359  0.008  0.401  0.008  
28 0.344  0.008  0.400  0.009  
29 0.359  0.008  0.400  0.007  
30 0.346  0.009  0.400  0.007  
31 0.360  0.006  0.400  0.007  
32 0.346  0.006  0.400  0.006  

Note. SD = Standard Deviation. The value used to generate the school level predictor 
was 0.40. 
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Table 11 

Relative Bias of Parameter and Standard Error (SE) Estimates for Level Two Predictor 
 

 HLM MMREM 
Condition   Parameter SE Parameter SE 

1 !0.052  !0.993  0.000781 !0.994  
2 !0.066  !0.993  0.002356 !0.994  
3 !0.050  !0.994  0.001899 !0.994  
4 !0.068  !0.994  0.001164 !0.994  
5 !0.052  !0.995  !0.000417 !0.995  
6 !0.068  !0.996  !0.000583 !0.996  
7 !0.051  !0.996  !0.000789 !0.996  
8 !0.067  !0.996  !0.000539 !0.995  
9 !0.050  !0.990  0.002091 !0.990  
10 !0.066  !0.990  0.002341 !0.990  
11 !0.050  !0.991  0.002186 !0.990  
12 !0.068  !0.991  0.000907 !0.990  
13 !0.051  !0.993  !0.001464 !0.993  
14 !0.067  !0.993  !0.001106 !0.993  
15 !0.050  !0.993  !0.000259 !0.992  
16 !0.067  !0.993  !0.000105 !0.992  
17 !0.101  !0.992  0.000730 !0.994  
18 !0.133  !0.993  0.001843 !0.994  
19 !0.102  !0.993  0.002284 !0.993  
20 !0.138  !0.993  0.001191 !0.993  
21 !0.103  !0.995  !0.000012 !0.996  
22 !0.136  !0.995  !0.000761 !0.996  
23 !0.101  !0.996  !0.000850 !0.995  
24 !0.134  !0.996  !0.000455 !0.995  
25 !0.100  !0.990  0.001904 !0.991  
26 !0.134  !0.991  0.002429 !0.991  
27 !0.103  !0.990  0.001617 !0.990  
28 !0.139  !0.990  0.000701 !0.990  
29 !0.103  !0.993  !0.000799 !0.993  
30 !0.135  !0.994  !0.000583 !0.993  
31 !0.100  !0.993  0.000001 !0.993  
32 !0.134  !0.993  0.000174 !0.992  
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Relative bias of level two predictor. When the HLM was estimated, none of the 

relative bias estimates across the thirty-two conditions met Hoogland and Boomsma’s 

criteria (1998) for insubstantial bias. All of the level two predictor’s parameter estimates 

were substantially negatively biased. Conducting an ANOVA revealed that the 

percentage of mobile students was associated with the observed negative relative bias, F 

(1, 3184) = 7683.00,  p < .01, 2
pC = .707. The average relative bias in conditions with 

20% mobile students was !0.119 compared to !0.059 in conditions with 10% mobile 

students. This indicates that the more mobile students there were in the dataset, the more 

negative relative bias was found for the school level predictor estimates.  

The number of schools that mobile students attended was also found to have an 

impact on the observed negative relative bias, F (1, 3184) = 1366.80,  p < .01, 

2
pC = .300. The average relative bias in the conditions where mobile students attended 

two different schools at three time measurement points was !0.076. The average 

relative bias in the conditions where mobile students attended three different schools 

was !0.101. The more schools that mobile students attended, the more negative relative 

bias was found. None of the two-way interaction effects were found to have substantial 

effects on the relative parameter bias. When MMREM was estimated, no substantial 

bias was found in the level two predictor’s parameter estimates across the thirty-two 

conditions. 

Standard error bias of level two predictor. Across all conditions and for both 



!
!

66

model estimates, all of the standard error estimates of the level two predictor were 

found to be substantially negatively biased (see Table 11). For the HLM estimates, the 

ANOVA results indicated that both the ICC, F (1, 3184) = 985.22,  p < .01, 2
pC = .236 

and the number of schools, F (1, 3184) = 974.59,  p < .01, 2
pC = .234 had a substantial 

effect on the standard error bias. The average standard error bias in the conditions with 

the ICC of .05 was !0.994 as compared to !0.992 in the conditions with the ICC of .15. 

The difference between the two was minor. The average standard error bias in the 

conditions with 30 schools was !0.992 versus !0.994 in the conditions with 50 schools. 

From a practical standpoint, the difference is very small.  

Based on the ANOVA results for the MMREM estimates, the true ICC value was 

found to have a substantial effect on standard error bias, F (1, 3184) = 1198.40,  p 

< .01, 2
pC = .273. The difference, however, in the average standard error bias for the two 

ICC conditions was small, with an average bias of !0.995 and !0.991 for ICCs of .05 

and .15, respectively. The ANOVA results indicated that the number of schools also had 

a substantial effect on the standard error bias, F (1, 3184) = 569.03,  p < .01, 2
pC = .152.  

The average standard error bias in conditions involving 30 schools was !0.992 while in 

conditions involving 50 schools it was !0.994. The difference was very small. For both 

the MMREM and HLM estimates, none of the two-way interaction effects were found 

to have a noticeable impact on the standard error bias. 
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Random Effect Variance Estimates 

 This section describes the bias associated with the estimates of the level one 

(student) and level two (school) variance. Recall that the generating value for the level 

one variance was set to 1.00 across all conditions. The generating values for the 

variance between schools were either 0.0526 when the ICC was .05 or 0.1765 when the 

ICC was .15.  

Level one variance. Table 12 provides descriptive statistics for the random effect 

variance estimates of the level one variance. Table 13 describes the corresponding 

relative bias estimates. 
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Table 12 

Descriptive Statistics for Level One Variance Estimates 
 

 HLM MMREM 
Condition Mean SD Mean SD 

1 1.856  0.339  1.010  0.065  
2 1.983  0.382  1.008  0.065  
3 1.853  0.290  1.005  0.040  
4 2.038  0.340  1.010  0.040  
5 1.886  0.230  1.009  0.050  
6 1.997  0.225  1.008  0.050  
7 1.846  0.198  1.001  0.031  
8 1.991  0.214  1.004  0.030  
9 1.862  0.326  1.005  0.066  

10 2.007  0.377  1.005  0.062  
11 1.886  0.297  1.003  0.041  
12 2.044  0.342  1.005  0.044  
13 1.876  0.230  1.005  0.049  
14 2.018  0.217  1.008  0.051  
15 1.848  0.201  1.007  0.032  
16 2.002  0.226  1.006  0.033  
17 2.578  0.536  1.006  0.066  
18 2.782  0.621  1.008  0.063  
19 2.698  0.504  1.009  0.039  
20 2.949  0.621  1.010  0.041  
21 2.669  0.394  1.004  0.052  
22 2.880  0.395  1.008  0.050  
23 2.581  0.339  1.005  0.030  
24 2.847  0.376  1.005  0.029  
25 2.611  0.525  1.005  0.065  
26 2.858  0.627  1.006  0.061  
27 2.711  0.513  1.004  0.043  
28 2.929  0.590  1.005  0.044  
29 2.710  0.397  1.000  0.052  
30 2.910  0.393  1.005  0.050  
31 2.600  0.342  1.008  0.032  
32 2.850  0.390  1.006  0.031  

Note. SD = Standard Deviation. The generating value for the student level variance was 
1.00. 
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Table 13 

Relative Bias of Parameter and Standard Error (SE) Estimates for Level One Variance   
 

 HLM MMREM 
Condition Parameter SE Parameter SE 

1 0.856  !0.963  0.010  !0.943  
2 0.983  !0.962  0.008  !0.943  
3 0.853  !0.979  0.005  !0.956  
4 1.038  !0.978  0.010  !0.956  
5 0.886  !0.967  0.009  !0.957  
6 0.997  !0.963  0.008  !0.957  
7 0.846  !0.982  0.001  !0.967  
8 0.991  !0.981  0.004  !0.965  
9 0.862  !0.960  0.005  !0.945  
10 1.007  !0.960  0.005  !0.941  
11 0.886  !0.979  0.003  !0.957  
12 1.044  !0.978  0.005  !0.960  
13 0.876  !0.967  0.005  !0.956  
14 1.018  !0.960  0.008  !0.958  
15 0.848  !0.982  0.007  !0.968  
16 1.002  !0.982  0.006  !0.968  
17 1.578  !0.954  0.006  !0.944  
18 1.782  !0.954  0.008  !0.941  
19 1.698  !0.974  0.009  !0.954  
20 1.949  !0.975  0.010  !0.956  
21 1.669  !0.962  0.004  !0.959  
22 1.880  !0.956  0.008  !0.957  
23 1.581  !0.980  0.005  !0.965  
24 1.847  !0.978  0.005  !0.965  
25 1.611  !0.951  0.005  !0.944  
26 1.858  !0.951  0.006  !0.940  
27 1.711  !0.974  0.004  !0.959  
28 1.929  !0.973  0.005  !0.960  
29 1.710  !0.960  0.000  !0.959  
30 1.910  !0.954  0.005  !0.958  
31 1.600  !0.979  0.008  !0.967  
32 1.850  !0.978  0.006  !0.967  
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Relative bias of level one variance estimates. All of the HLM’s level one 

variance estimates were found to be substantially positively biased. The ANOVA results 

revealed that the percentage of mobile students was a significant factor related to the 

relative bias found in the level one variance, F (1, 3184) = 3451.40,  p < .01, 2
pC  

= .520. The average relative bias between student level variance in conditions with 10% 

mobile students was 0.937, compared to 1.760 in conditions with 20% mobile students. 

Even with the 10% mobility condition, there was a substantial degree of positive bias. 

However, a higher percentage of mobile students was associated with a substantial 

increase in the positive relative bias found in the level one variance estimates.  

The number of schools that mobile students attended was also strongly 

associated with the relative bias, F (1, 3184) = 180.95,  p < .01, 2
pC  = .054. The 

average relative bias in conditions where mobile students attended two different schools 

was 1.254 compared to 1.443 in conditions where mobile students attended three 

different schools. It appears that the more schools mobile students attended, the greater 

the positive relative bias in the level one variance estimates. Contrary to the HLM 

results, none of the MMREM relative parameter bias estimates were found to be 

substantially biased.   

Standard error bias of level one variance estimates. All standard error estimates 

associated with student level variance estimates were excessively negatively biased 

under both the HLM and MMREM. The ANOVA results for the HLM indicated this 
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underestimation bias was primarily due to the number of students per school, F (1, 

3184) = 2239.42,  p < .01, 2
pC  = .413. In the conditions where each school had 20 

students, the average standard error bias was !0.959 versus !0.978 in the conditions 

where each school had 40 students. Thus, although the number of students per school 

had the strongest effect on standard error bias, the effect was not of substantial 

significance. The percentage of mobile students was also found to be strongly 

associated with the standard error bias, F (1, 3184) = 187.83,  p < .01, 2
pC  = .055. The 

conditions in which 10% of students changed schools had an average standard error bias 

of !0.971. The conditions in which 20% of students transferred schools had an average 

standard error bias of !0.966. The difference between the 20% mobility and 10% 

mobility conditions was very small. None of the two-way interaction effects between 

the factors was found to have a significant impact on the underestimation of variance 

between students. 

The ANOVA results for MMREM revealed that the underestimation bias was 

mainly due to the number of level two units, F (1, 3184) = 5234.50,  p < .01, 2
pC  

= .621. The average relative bias in the conditions with 30 schools was !0.950 while in 

the conditions with 50 schools, the average standard error bias was !0.962. The 

difference was small, although the pattern indicated that a larger number of level two 

units increased the magnitude of the observed negative standard error bias. 

The number of level one units per level two unit (here, the number of students 
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per school) also had a substantial impact on the standard error bias, F (1, 3184) = 

4832.3,  p < .01, 2
pC  = .603. The average standard error bias in the conditions with 20 

students per school was !0.950 compared to !0.962 in the conditions with 40 students 

per school. The larger student sample size was associated with a slight increase in 

magnitude of the observed negative standard error bias.  

In addition to the main effects found, the interaction between the number of 

schools and the number of students per school was also found to be substantially related 

to the standard error bias, F (1, 3184) = 283.95,  p < .01, 2
pC  = .081. With a larger 

student sample size per school, the magnitude of the negative standard error bias tended 

to be larger in both conditions with 30 schools and 50 schools. In the conditions with 30 

schools, the average standard error bias in the 20 students per school conditions was 

!0.943 as compared with !0.957 for conditions with 40 students per school. In 

conditions with 50 schools, the average standard error bias in the conditions with 20 

students was !0.958 versus !0.966 for the 40 students per school conditions. The 

difference was 0.008 as compared with the difference of 0.014 for the conditions with 

30 schools. Thus, the practical significance of this interaction effect was very small.  

Level two variance. Recall that use of HLM ignores the prior schools that 

mobile students attended while MMREM correctly includes the prior schools that 

mobile students attended. Table 14 contains the descriptive statistics for level two 

variance estimates and Table 15 contains the relative bias estimates. 
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Table 14 

Descriptive Statistics for Level Two Variance Estimates 
 

 HLM MMREM 
Condition Mean SD Mean SD 

1a 0.054  0.043  0.059  0.033  
2a 0.051  0.036  0.058  0.033  
3a 0.051  0.028  0.061  0.023  
4a  0.048  0.029  0.062  0.025  
5a  0.044  0.033  0.054  0.026  
6a  0.039  0.027  0.051  0.026  
7a 0.054  0.022  0.061  0.017  
8a 0.048  0.021  0.060  0.016  
9b 0.178  0.087  0.198  0.074  
10b 0.171  0.077  0.196  0.074  
11b 0.173  0.065  0.197  0.059  
12b 0.173  0.062  0.205  0.059  
13b 0.156  0.065  0.180  0.057  
14b 0.150  0.069  0.179  0.060  
15b 0.177  0.039  0.198  0.039  
16b 0.168  0.042  0.196  0.039  
17a 0.051  0.042  0.058  0.034  
18a 0.049  0.045  0.058  0.035  
19a 0.044  0.032  0.062  0.024  
20a 0.041  0.030  0.062  0.026  
21a 0.041  0.030  0.056  0.027  
22a 0.034  0.029  0.051  0.027  
23a 0.043  0.023  0.060  0.017  
24a 0.036  0.023  0.060  0.017  
25b 0.148  0.094  0.191  0.072  
26b 0.144  0.096  0.201  0.077  
27b 0.159  0.067  0.203  0.059  
28b 0.148  0.065  0.205  0.062  
29b 0.131  0.068  0.180  0.058  
30b 0.111  0.065  0.174  0.059  
31b 0.153  0.043  0.195  0.040  
32b 0.141  0.045  0.195  0.041  

Note. SD = Standard Deviation. a = The generating value for the school level variance 
was 0.0526. b = The generating value for the school level variance was 0.1765. 
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Table 15 

Relative Bias of Parameter and Standard Error (SE) Estimates for Level Two Variance  
 

 HLM MMREM 
Condition Parameter SE Parameter SE 

1 !0.031 !0.957   0.061 !0.964  
2 !0.076 !0.949   0.042 !0.964  
3 !0.078 !0.968   0.104 !0.970  
4 !0.126 !0.968   0.122 !0.970  
5 !0.196 !0.973      !0.029 !0.978  
6 !0.292 !0.969   !0.069 !0.978  
7 !0.027 !0.978   0.109 !0.979  
8 !0.139 !0.978   0.092 !0.978  
9 0.008 !0.919   0.120 !0.922  
10 !0.031 !0.909   0.112 !0.922  
11 !0.018 !0.931   0.114 !0.925  
12 !0.019 !0.926   0.160 !0.919  
13 !0.118 !0.952   0.019 !0.954  
14 !0.151 !0.953    0.016 !0.955  
15 0.002 !0.941    0.120 !0.940  
16 !0.049 !0.946   0.111 !0.940  
17 !0.085 !0.945   0.045 !0.964  
18 !0.109 !0.946   0.051 !0.963  
19 !0.210 !0.967   0.118 !0.969  
20 !0.263 !0.965   0.130 !0.970  
21 !0.261 !0.960   0.009 !0.977  
22 !0.378 !0.963   !0.085 !0.977  
23 !0.226 !0.976   0.088 !0.979  
24 !0.341 !0.976   0.080 !0.978  
25 !0.160 !0.919   0.084 !0.922  
26 !0.182 !0.915   0.136 !0.920  
27 !0.098 !0.928   0.150 !0.920  
28 !0.161 !0.930   0.164 !0.920  
29 !0.257 !0.946   0.020 !0.953  
30 !0.370 !0.948   !0.014 !0.955  
31 !0.134 !0.947   0.104 !0.941  
32 !0.203 !0.952   0.107 !0.942  

 



!
!

75

Relative bias of level two variance estimates. For the most part, the HLM level 

two variance estimates were substantially negatively biased. In only a few conditions 

were some of the estimates unbiased (See Table15). The MMREM estimates, on the 

other hand, were mostly positively biased (See Table 15). However, neither main effects 

nor two-way interaction effects were found to have a substantial impact on the relative 

bias of either the HLM or the MMREM. 

Standard error bias of level two variance estimates. In both the HLM and the 

MMREM estimates, standard error estimates were negatively biased across all 

conditions. The ANOVA results for HLM estimates indicated that the ICC was 

associated with the observed standard error bias of level two variance estimates, F (1, 

3184) = 525.97,  p < .01, 2
pC  = .141. The average standard error bias in the conditions 

when the ICC was .05 was !0.965 versus !0.935 in the conditions when the ICC 

was .15. Thus, the larger the ICC, the lower the magnitude of the bias. However, across 

both ICC values, the standard error bias was quite substantial and the difference in the 

bias was not large.  

The underestimation bias was also found to depend on the number of schools, F 

(1, 3184) = 229.70,  p < .01, 2
pC  = .067. The average standard error bias in the 

conditions with 30 schools was !0.940 compared to !0.960 in the conditions with 50 

schools. Generally, the more level two units, the larger the bias. However, the difference 

was not large even though the degree of the standard error underestimation bias was 
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very substantial.  

In MMREM, two main effects were found to have an impact on the observed 

negative standard error bias. The ICC was associated with the standard error bias, F (1, 

3184) = 1537.70,  p < .01, 2
pC  = .326. When the ICC was .05, the average standard 

error bias was !0.972 versus !0.934 when the ICC was .15. As the proportion of level 

two variance increased, the negative standard error bias tended to be smaller. However, 

the degree of the underestimation bias was still extreme. The number of schools was 

also found have a substantial effect on the negative standard error bias, F (1, 3184) = 

379.92,  p < .01, 2
pC  = .107. The average standard error bias in the conditions with 30 

schools was !0.944 versus !0.963 in the conditions with 50 schools. The difference was 

small. No interaction effects were found to have a significant impact on the standard 

error bias. 

 Fit Index 

 The means and standard deviations of the DIC for HLM and MMREM are 

summarized by condition in Table 16. Using a minimum difference of 10 as a cutoff for 

a substantial difference in fit, the DIC performed well in identifying the correct model 

regardless of conditions included in the study. The cutoff produced a 100% success rate 

in selecting MMREM over HLM across all thirty-two conditions.  

The number of schools and the number of students per school were associated 

with the values of the DIC for both the HLM and the MMREM. For the HLM models, 
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the average DIC value in the groups with 30 schools was 3314.80 versus 5524.70 in the 

groups with 50 schools. Similarly, as the number of level one units per level two units 

(here, the number of students per school) increased, the values of the DIC tended to be 

larger. In the conditions with 20 students, the average DIC value was 2961.01 compared 

to 5878.49 in the conditions with 40 students. 

The effect of student sample size on the fit index varied by school sample size. 

In the conditions with 30 schools, the difference of the DIC values between groups of 

20 students versus 40 students was 2198.34 while the difference was 3636.61 in the 

conditions with 50 schools. With larger school sample sizes, the effect of larger student 

sample size on the fit index tended to increase.   

A similar pattern was found for the DIC values associated with MMREM 

estimates. The number of schools and the number of students per school were related to 

the values of the DIC. In the conditions with 30 schools, the average DIC value was 

2582.78 compared to 4300.08 for the conditions with 50 schools. With a larger number 

of schools, the values of the DIC tended to be larger. As the number of students 

increased, the DIC values tended to be larger as well. In the conditions with 20 students, 

the average DIC value was 2300.23 compared to 4582.64 in the conditions with 40 

students.  

The effect of sample size at the student level depended on the sample size at the 

school level. In the conditions with 30 schools, the difference in the DIC values 
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between conditions with 20 students versus 40 students was 1707.72 while the 

difference was 2857.10 in the conditions with 50 schools. As the number of schools 

increased from 30 to 50, the effect of larger student sample size on the DIC values 

tended to increase. In general, the MMREM was associated with a substantially smaller 

value of DIC (i.e., supporting better model fit) than the DIC value associated with the 

corresponding HLM across conditions. 
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Table 16 

Means and Standard Deviations for Deviance Information Criterion by Condition 
 

 HLM MMREM 
Condition  Mean SD Mean SD 

1 2092.06   94.36  1727.35  35.32  
2 2129.15   95.54  1727.59  34.89  
3 4178.08  170.42  3434.78  50.73  
4 4239.58  172.46  3436.58  51.29  
5 3471.29  124.86  2866.74  50.80  
6 3564.15  123.74  2869.94  46.51  
7 6925.14  207.85  5722.88  60.80  
8 7086.89  210.21  5721.76  63.03  
9 2110.52   92.98  1731.58  34.59  

10 2144.64   95.80  1732.30  35.22  
11 4179.18  165.94  3436.74  53.15  
12 4239.71  171.22  3438.10  50.27  
13 3481.36  116.62  2877.27  46.86  
14 3574.98  126.50  2878.13  46.83  
15 6921.56  205.04  5733.66  59.57  
16 7094.82  222.43  5735.43  58.77  
17 2280.35  101.31  1723.60  34.82  
18 2325.09  109.69  1726.22  35.12  
19 4572.82  212.86  3435.15  50.87  
20 4651.34  216.17  3436.97  50.42  
21 3824.84  140.81  2862.94  50.52  
22 3944.12  137.94  2864.51  48.62  
23 7603.62  253.60  5725.02  58.10  
24 7752.15  259.54  5720.44  61.77  
25 2299.18  103.24  1729.12  33.98  
26 2344.01  111.14  1733.57  34.21  
27 4585.48  220.17  3437.66  49.90  
28 4665.54  218.94  3437.15  49.32  
29 3843.61  127.53  2874.37  48.45  
30 3946.78  136.94  2878.33  43.46  
31 7591.11  260.02  5735.80  58.21  
32 7768.69  263.76  5734.02  60.27  

Note. SD = Standard Deviation.  
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Chapter 5: Discussion 

 

This chapter includes three sections. The first section summarizes results from 

the real data study and the simulation study. The second section addresses limitations of 

the current study and provides suggestions for future research. The last section discusses 

the conclusions and the educational contributions of this study.  

Summary of Results 

Study 1 was designed to investigate the impact of ignoring multiple-

membership data structures with a real data set. Approximately 18% of the students in 

the total sample (N = 5,054) in the ECLS-K data set were members of multiple schools 

and so were nested in multiple data structures. The results revealed that the HLM model, 

which ignored the multiple-membership scenario, led to a smaller magnitude of fixed 

effect and random effect variance estimates for both the unconditional and conditional 

models. A comparison of the standard errors between the HLM and the MMREM 

models revealed inconsistencies between the unconditional and conditional models.    

The standard error associated with the intercept coefficient in the HLM was 

smaller than in the MMREM in both the unconditional and conditional models. After 

adjusting for the students’ gender and the percentage of students participating in a 

school’s free lunch program, the conditional model revealed that the standard error 

associated with the gender coefficient (i.e., student level predictor) in HLM was slightly 
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larger than from the MMREM analysis. The HLM standard error associated with the 

free lunch program coefficient (i.e., school level predictor), however, was slightly 

smaller than that from the MMREM analysis. 

In terms of random effect variance, the HLM results indicated that there was 

less variability between schools than the MMREM results for both the unconditional 

and conditional models. In addition, the standard error associated with the school (i.e., 

level two) variability estimates was smaller for the HLM than the MMREM results. 

The HLM estimate of student level variance was smaller than the MMREM 

estimate for both the unconditional and conditional models. The HLM standard errors 

associated with student level variance estimates were larger compared to the MMREM. 

The DIC values favored the MMREM model, which correctly accounted for the 

multiple-membership data structures, over the HLM model, which ignored the multiple-

membership data structures, for both the unconditional and conditional models.  

Study 2 was a simulation study designed to investigate the impact of ignoring 

multiple-membership data structures with manipulated data sets under known 

conditions. The conditions manipulated in the simulation study included: the percentage 

of mobile students, the ICC, the number of schools, the number of students per school, 

and the number of schools that mobile students attended.  

Ignoring multiple-membership did not seem to affect estimation of the 

intercepts or the student predictor’s fixed effects. However, problems were encountered 
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estimating the school level predictor’s coefficient. The failure to model the effects of 

mobile students’ prior schools led to underestimation of the fixed effect of the level two 

predictor. In the simulation study, the degree of underestimation increased with a higher 

percentage of mobile students and with a larger number of schools that mobile students 

attended. 

From the HLM results it seems that inappropriate modeling of multiple-

membership data structures tended to result in overestimating student level variance. 

Two factors were found to be associated with this overestimation. A higher percentage 

of mobile students led to an increase in the positive bias of the student level variance. 

Similarly, when mobile students attended more schools, the student level variance 

tended to be overestimated. This failure to include multiple-membership data structures 

in the HLM model also resulted in underestimation of the school level variability. 

Recall that in the MMREM, the level two residual for unit h of the set of level two units 

( hu0 ) is assumed normally distributed with a mean of zero and a constant variance, 00(  

(see Equation 13). Given that the true school level variance ( 00( ) was generated to fit 

the MMREM, the actual contribution of the set of schools4 5j  to the school level 

variance is assumed to be: 

var
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Suppose that the student (i) attended three different schools with equal weights assigned 

(i.e., ihw = 3
1  where4 5j =4 53,2,1 ). The actual contribution to school level variance is 
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one third of the true variance as follows: 
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Since the HLM does not consider this reduced actual contribution (here, one third) of 

schools involving multiple-membership to the school variation, the HLM 

underestimates variability at the school level (Goldstein, 2003; Leckie, 2008). When 

HLM is assumed for a multiple-membership data set, an increase in the number of 

mobile students or the number of schools they have attended leads to less contribution 

to the total school level variation (Goldstein, 2003; Leckie, 2008). This implication was 

consistent with the findings in the simulation study.  

A difference of 10 in the two models’ DIC values (Leckie, 2008) was used as a 

minimum cut-off for a substantial drop in model fit. Using this criterion led to 100% 

correct model identification; MMREM was selected over HLM across all conditions. In 

model selection, this difference of 10 performed well in supporting the MMREM over 

HLM for both the real data analysis and the simulation study. The values of DIC were 

mainly affected by sample size at the student and school level units for both the HLM 

and MMREM.  

Limitations and Suggestions for Future Research 

This study was a preliminary investigation designed to assess whether models 

that correctly include multiple-membership data structures differ from those that ignore 

multiple-membership data structures and how they differ. Given that it is a preliminary 
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study, the study has several limitations. 

One of the primary limitations of the ECLS-K data analysis is that only three 

waves were used. Although students might have changed schools more than once 

between the pairs of time points (e.g., Kindergarten versus 1st grade), it was assumed 

that mobile students attended only two different schools between the time phases. The 

analysis could only use the two schools provided in the datasets due to limited 

information. It is feasible that a small proportion of students might have moved more 

than once between the time periods (Kindergarten, 1st, and 3rd grades).  

This limitation also hampered the assignment of weights to schools that mobile 

students attended. There are two ways to assign weights to reflect the contribution of 

each member in a multiple-membership scenario. One method involves assigning equal 

weights to the each school in the set of schools attended; the other method involves 

assigning different weights to reflect the length of time a student attended each school. 

There is a debate as to the effect of these different weighting strategies. Due to limited 

information, this study assigned equal weights to the schools attended by mobile 

students in the real data analysis. Browne (2004), however, has found that weights 

proportional to the length of attendance result in a better fitting model. Future research 

could extend this evaluation to investigate how different weight assignments impact the 

performance of the MMREM.  

Another limitation is that the real data analysis did not model the full 
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complexity of the data structures nor did it use all the data in the dataset. For example, a 

cross-classified multiple-membership random effects model could have been used along 

with test scores at each of the three time points (kindergarten, 1st and 3rd grades). Cross-

classified multiple-membership situations are more likely to be encountered in 

longitudinal datasets. For example, in the NELS: 88 dataset, students are clustered 

within middle and high schools. Neither school classification is purely clustered within 

the other. In addition, approximately 10% of the students changed high schools at least 

once between 10th and 12th grade (i.e., are members of multiple high schools). However, 

the focus of this study was on the MMREM. Future research might assess how the 

estimation of cross-classified multiple-membership random effects modeling 

(CCMMREM) performs in certain kinds of longitudinal datasets. This is especially 

relevant with the passage of the No Child Left Behind (NCLB) Act. Under NCLB, 

parents have more flexibility with regard to school selection, which may lead to 

increased student mobility and resulting CCMMREM data structures. 

In comparing models, this study used parameter estimate bias, standard error 

estimates bias, and the values of the DIC fit index. One of the main limitations of the 

simulation study entailed the use of Hoogland and Boomsma’s criteria (1998) for 

assessing standard error bias with MCMC estimation. When calculating the relative 

standard error bias, the average MCMC standard error is compared with the empirical 

standard error and then divided by the same empirical standard error (see Equation 47). 
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The empirical standard error for each condition is actually the standard deviation of the 

100 replications’ parameter estimates. The MCMC standard error is the standard 

deviation of the 50,000 iterations’ parameter estimate values (for each of the 100 

replication datasets per condition). Clearly, the comparison of the empirical standard 

error based on 100 estimates is on a different scale than that based on 50,000. To test 

this hypothesis, a small additional simulation study was conducted. The HLM model 

was estimated using IGLS and the standard error estimates of the HLM parameters 

under IGLS were compared with the standard error estimates of the HLM parameters 

under MCMC. The IGLS standard errors associated with random effect variance 

estimates were much larger, thereby supporting this hypothesis. Future research should 

attempt to find a way to assess the validity of the resulting MCMC standard errors. 

Currently, MCMC estimation is the only procedure available for estimating 

MMREM models (Beretvas, 2008). Thus, applied researchers should be cautioned 

against using the resulting poorly estimated standard errors (i.e., smaller standard 

errors) to test statistical significance of both fixed effect and random effect variance. 

Given the poor estimation of standard errors when using MCMC estimation, future 

methodological research should come up with a better alternative (than using these 

standard errors) for finding the best fitting model. In Bayesian analysis, some 

researchers have used posterior predictive checks to compare models (Gelman, Carlin, 

Stern & Rubin, 2004; Li et al., 2006). Posterior predictive checks are designed to 
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measure discrepancies between the simulated data under the model and the actual data 

(See Li et al., 2006). This assumes that if the model fits the actual observed data, then 

the generated datasets from the model should be similar to the actual dataset. The more 

similar the generated data is to the observed data, the smaller the discrepancy. Future 

research could use this discrepancy to determine which model fits the data when 

comparing models, rather than depending on standard error estimates to decide whether 

to include certain predictors.  

Another approach to measure which model performs well is the credible 

interval estimation based on the posterior distribution in a Bayesian approach. Credible 

interval estimation could be used as an alternative indicator of which model provides 

better coverage of true parameter values rather than through a comparison of standard 

error values. 

In general, little research has been done on establishing cutoffs for minimal 

differences in DIC values that represent substantial drops in fit. In the current study, a 

difference of 10 was used as the minimum difference in DIC values to count as a 

substantial drop in model fit (Leckie, 2008). This minimum cutoff led to the correct 

(MMREM) model always being identified across conditions. However, the findings can 

only be generalized to the conditions included in the current study. Future research 

could extend the model comparisons conducted using DIC to help better understand the 

DIC’s performance. For example, research should investigate the difference in DIC 
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values for choosing between MMREMs with and without relevant predictors being 

tested.  

In addition to the result of the DIC difference test, the findings presented in the 

simulation study might be affected by the selection of specific values for each factor. 

Although the values were selected based on both applied and methodological research, 

the values used in the study did not cover the expansive range of values encountered in 

real data. Future research should investigate other ICC values, a diverse numbers of 

schools and different average school sizes (i.e., unbalanced group sizes). Additional 

values will be helpful to generalize how those factors potentially affect MMREM 

modeling.   

The findings in the simulation study imply a shift from level 2 variability to 

level 1 variability when a multiple-membership data structure is ignored. The results 

from the real data were, however, less clear. In HLM, larger variability at the school 

level, as well as larger variance at the corresponding student level, was found. The 

source of this inconsistency should be further explored to help understand whether some 

unknown model mis-specification lay at the root of the discrepancy between the 

simulated and real data analyses. 

This study only investigated estimation of two-level models to mimic the 

clustering of students within schools. The current study should also be extended to 

include a third level that would permit the modeling of student progress. For example, 
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in growth modeling, time points (level 1) are nested within students (level 2) and 

students might be members of multiple schools (level 3). This extension would be 

particularly useful given the current educational interest in tracking students’ adequate 

yearly progress. 

Educational Contribution and Conclusion 

The impact of student mobility on academic achievement has been studied 

using different statistical approaches. In previous research using regression analysis, 

student mobility has been treated as a student characteristic and included in the model 

when estimating student academic achievement (Ou & Reynolds, 2008; Pulliam, 2007). 

These researchers found a significantly negative relationship between student mobility 

and academic achievement. This approach, however, fails to model the true nature of 

multilevel data structures or to control for schools’ effects on variability in student 

academic achievement.  

Researchers have used HLM to handle nested data in the educational system 

(e.g., Lee, 2000; Raudenbush & Bryk, 2002; Sellström & Bremberg, 2006). They have 

found significant interactions between student level outcomes and school level 

predictors. When using simple HLM, however, the effects of school change on 

academic achievement cannot be explained. In the context of NCLB, it can be assumed 

that all schools attended should be modeled as contributing to students’ academic 

achievement and progress. Moreover, given the increased frequency with which 
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students transfer schools under NCLB, it is not appropriate to account only for the most 

recent school attended by a mobile student. Researchers should incorporate prior 

schools in order to correctly model this multiple-membership data structure.  

The simulation study revealed underestimation of variability at the school level 

and overestimation of variability at the student level in HLM. In addition, the failure to 

include prior schools attended underestimated the school level predictor coefficient. 

Thus, use of the HLM approach might threaten resulting statistical inferences. The 

variability shift from level two to level one in HLM lowers the ICC values. This low 

ICC value could mislead researchers into selecting traditional regression modeling over 

multilevel modeling. A primary focus of many evaluations of school-based educational 

programs concerns their impact on academic achievement. The lower magnitude found 

for the school level predictor’s coefficient when using HLM, as opposed to MMREM, 

could lead to misinterpretation of the school’s effects on academic achievement.  

Due to the complexity of multiple-membership data structures, MCMC 

estimation is currently the only estimation procedure available for estimating MMREM 

(Beretvas, 2008). As this simulation study found, MCMC estimation tended to seriously 

underestimate the standard error. This smaller standard error will lead to incorrect 

statistical inferences. In other words, this will affect statistical significance testing of the 

parameter estimates, and inflate their Type I error rates. As mentioned, researchers who 

employ MCMC estimation need to consider assessing the accuracy of the standard 
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errors using credible intervals and the values of the fit index in their analysis rather than 

using statistical significance tests.  

Based on the relative bias of parameter estimates and the performance of the 

DIC fit index, the findings of this study suggest that the MMREM rather than the HLM 

should be used to model multiple-membership data structures. While use of HLM 

involves either deletion of the cases involving multiple-membership or ignoring prior 

schools attended, MMREM includes students who attend multiple schools and controls 

for the effect of all schools on student outcomes. This MMREM approach will help 

improve the generalizability of findings (across a wider range of students) and will 

improve the validity of the statistical results. With an increased numbers of mobile 

students, researchers need to understand MMREM and correctly apply it to multiple-

membership data structures. 

!
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