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The current study evaluated a multiple-membership growth curve model that can 

be used to model growth in student achievement, in the presence of student mobility. The 

purpose of the study was to investigate the impact of ignoring multiple school 

membership when modeling student achievement across time. Part one of the study 

consisted of an analysis of real longitudinal student achievement data. This real data 

analysis compared parameter estimates, standard error estimates, and model-fit statistics 

obtained from a growth curve model that ignores multiple membership, to those obtained 

from a growth model that accounts for multiple school membership via the MMREM 

approach. Part two of the study consisted of a simulation study designed to determine the 

impact of ignoring multiple membership and the accuracy of parameter estimates 

obtained under the two modeling approaches, under a series of data conditions. The goal 

of the study was to assess the importance of incorporating a more flexible MMREM 

approach when modeling students’ academic achievement across time. Overall, the 
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results of the current study indicated that the Cross-classified multiple membership 

growth curve model (CCMM-GCM) may provide more accurate parameter estimates 

than competing approaches for a number of data conditions. Both modeling approaches, 

however, yielded substantially biased estimates of parameters for some experimental 

conditions. Overall, results demonstrate that incorporating student mobility into 

achievement growth modeling can result in more accurate estimates of schools effects.
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Chapter 1:  Introduction

Educational researchers are often interested in modeling students’ academic 

achievement across time. Hierarchical growth curve models, like those proposed by 

Raudenbush and Bryk (1992), have become a popular means for doing so because they 

can be used with the nested data structures commonly found in education, (e.g., 

measurements nested in students, and students nested in schools). One potential 

limitation of traditional hierarchical growth curve models, however, is that they are 

designed to be used with purely hierarchical data, and thus assume that each student 

attends only one school over the course of a given longitudinal study. This is often not 

the case, as mobile students can attend a number of schools over time. Such cases of 

mobility are, in fact, quite common in the United States. A report by the U.S. 

Government accounting office (1994) found that 15% of third graders in suburban areas 

and 25% of third graders in urban areas had changed schools at least once since first 

grade, with an overall mobility rate of 17%. Mobility rates can, however, be much higher 

for some populations. The same report found that 40% of migrant children had attended 

three or more schools in the time period from first to third grade. The U.S. Census 

Bureau (2004) reports that, from 2002 to 2003, about 15% of those aged 5 to 19 moved at 

least once, with the majority of those moves being greater than 100 miles. A change in 
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geographic location, however, is not the only reason a student may change schools. 

School change may also result from a student’s desire to transfer to a school with a 

special curriculum or program (Kerbow, 1996). Students may leave schools because of 

problems with teachers, disciplinary or academic problems, or to escape a school 

environment they or their parents see as unsafe (Rumberger & Larson, 1998; Rumberger, 

2003). Additionally, the opening and closing of schools within a school district could 

lead to student mobility even when there is no change in student residence. Regardless of 

the cause, student mobility seems likely to be reflected in longitudinal student 

achievement datasets, making purely hierarchical data structures unlikely in practice. 

Furthermore, overall mobility rates for a group of students will generally increase over 

time and this will likely be reflected in longitudinal studies that follow students for 

several years. The cumulative effect is shown in Kerbow (1996) who found that, of all 

sixth grade Chicago students enrolled in 1994, only 38% had attended the same school 

throughout their elementary years. 

Fortunately, special forms of hierarchical linear models have been developed for 

use in situations where individuals are members of multiple higher level organizational 

units (i.e., nonhierarchical designs). These multiple-membership random effects models 

(MMREMs) modify traditional hierarchical models, making them suitable for use in 

instances where students attend multiple schools. Despite their availability, few 

educational researchers have applied MMREM approaches, and little is known about the 

consequences of ignoring multiple membership when fitting multilevel models. 

Furthermore, only one study has extended the MMREM approach to growth curve 
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models (Grady & Beretvas, 2010). Past studies have largely ignored student mobility 

when modeling academic growth, but doing so may provide a less accurate representation 

of student achievement across time. 

The current study evaluates a multiple-membership growth curve model that can 

be used to model growth in student achievement, in the presence of student mobility. The 

purpose of the study is to investigate the impact of ignoring multiple school membership 

when modeling student achievement across time. Part one of the study consists of an 

analysis of real longitudinal student achievement data obtained from the Northwest 

Evaluation Agency. This real data analysis compares parameter estimates, standard error 

estimates, and model-fit statistics obtained from a growth curve model that ignores 

multiple membership, to those obtained from a growth model that accounts for multiple 

school membership via the MMREM approach. Part two of the study consists of a 

simulation study designed to determine the impact of ignoring multiple membership and 

the accuracy of parameter and standard error estimates obtained under the two modeling 

approaches, under a series of data conditions. The goal of the study is to assess the 

importance of incorporating a more flexible MMREM approach when modeling students’ 

academic achievement across time. 



4

Chapter 2:  Literature Review

The following section will provide a review of multilevel modeling. It will begin 

with a discussion of several traditional multilevel models. It will then provide a review of 

cross-classified random effects models and multiple membership random effects models 

which are extensions of traditional multilevel models.

Multilevel Models.  

Multilevel models provide an effective means for studying individuals who are 

members of clusters or common contexts. The clustering of individuals is common in 

social science research (Fielding & Goldstein, 2006; Raudenbush & Bryk, 2002). For 

example, students can be clustered into schools, employees into companies, patients into 

hospitals along with a host of other examples. When individuals are members of clusters, 

a hierarchical or “nested” data structure will naturally follow. When nesting is present, 

reliance on traditional linear models can be problematic due to the potential violation of 

the assumption of independence of observations. This is because individuals within 

clusters may share certain characteristics and this can introduce dependence. It has been 

shown that ignoring hierarchical structure can cause underestimation of standard errors, 

thus increasing the type I error rate (Fielding & Goldstein, 2006). 

Multilevel models account for such violations of the assumption of independence. 

Consider the following model:

ii rY  0                                                       (1)
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where iY is the outcome for person i, 0 is the mean outcome across persons, and ir is 

the error term for person i. For this traditional model the error term, ir is assumed 

normally and independently distributed with a mean of zero and a variance, 2 . If 

however, persons are clustered into higher level units, errors may be dependent within 

clusters. Multilevel models solve this problem by incorporating within-cluster 

dependencies into the error term. Consider the following multilevel model:

ijjij ruY  000                                               (2)

where ijY is the outcome for person i in cluster j, 00 is the overall mean outcome across 

clusters, ju0 is the difference between the overall mean outcome and the mean outcome 

in cluster j (level-2 residual), and ijr is the difference between the outcome for person i

and the mean outcome for cluster j (level-1 residual). For this model, the combined error 

term is ijj ru 0 . Under this formulation the errors are modeled as dependent within 

clusters because each member of a given cluster has the same value for ju0 .  

A second advantage of multilevel models is that they allow for the effective 

inclusion of variables at each level of a data hierarchy. When clustering is present, 

researchers may have access to variables describing individuals and the higher level 

clusters to which they belong. For instance, if students are nested in schools, information 

on each student and each school may be available and it may be desirable to investigate 

the impact of student-level and school-level variables and of their interactions on the 

outcome. Before the introduction of multilevel models, investigating the relationships 
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among such variables could be accomplished only by disaggregating higher level 

variables or aggregating lower level variables. 

For instance, an educational researcher might disaggregate the school-level 

variable socioeconomic status (SES) by assigning the SES value for a given school to all 

the students who attend it and then estimating a single-level regression model using this 

school-level variable as a student-level variable. De Leeuw (2002) noted however, that 

this approach violates the assumption of independence of observations because all 

students in a given school would be assigned the same value for SES. 

The second option would be to aggregate student-level variables to the school 

level and conduct a traditional analysis using variables aggregated at the school level. 

Doing this, however, can reduce power because there will typically be fewer higher level 

units than lower level units. Additionally, it has been observed that relationships between 

aggregated variables can differ from the relationships between disaggregated variables, 

both in terms of strength and direction (De Leeuw, 2002). Multilevel models provide a 

less problematic means of including variables from all level of the data hierarchy while 

allowing investigation of relationships at each level and appropriately modeling the 

hierarchical dependencies. This is further illustrated in the section that follows.

Formulating multilevel models.  Multilevel models are typically estimated in two 

or more steps. The first step involves the fitting of an unconditional model that includes 

no explanatory variables at any level of the data hierarchy. The unconditional model 

provides estimates of the within-cluster and between-cluster variances in the outcome. 

Should substantial within-cluster or between-cluster variability be observed, this supports 
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the modeling of the within-cluster dependency. In addition, given substantial variability 

at either or both levels, explanatory variables can be added to explain that variability. 

Unconditional models.  According to Raudenbush and Bryk (2002) a fully 

unconditional two-level cluster model can be expressed as follows, at level one:

ijjij rY  0                  (3)

where ijY is the outcome for person i in cluster j, j0 is the mean outcome in cluster j, 

and ijr is the level-one residual. Level-one residuals are assumed normally distributed 

with a mean of zero and a variance 2 . At level two the unconditional model can be 

expressed as:

jj u0000                                                        (4)

where 00 is the grand-mean outcome and ju0 is the level-two residual. Level-two 

residuals are assumed normally distributed with a mean of zero and a variance 00 , and 

the covariance between ju0 and ijr is assumed to be zero. The total variance in the 

outcome is calculated as 2 + 00 .                                         

Under this fully unconditional two-level model, the intraclass correlation 

coefficient (ICC) represents the portion of variability in the outcome that is between 

level-two units, and is given as:

 2
0000                                                 (5)

Conditional models.  Level-one and level-two explanatory variables can be added 

to a fully unconditional multilevel model to create a conditional multilevel model. 
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Consider a frequently occurring example in which students (level-one units) are nested in 

schools (level-two units). A researcher may wish to fit a conditional model by including 

the student-level variable gender (X; with males coded 1 and females coded zero), as well 

as the level-two socioeconomic status variable (Z;  calculated here as the mean SES for a 

given school). According to Raudenbush and Bryk (2002) such a conditional two-level 

model can be expressed as follows at level one:

  ijijjjij rXY  10                                               (6)

and at level two:
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.                                        (7)

where ijY is the outcome for student i in school j, 00 is the outcome for a female in a 

school where Z is equal to zero (the intercept), 01 is the increase in the intercept per one 

unit increase in Z, 10 is the increase in the outcome associated with being male in a 

school where Z is equal to zero, 11 is the increase in that male effect per one unit 

increase in Z and ijr is the level-1 residual. Level-one residuals are now conditional and 

are assumed to be normally distributed with a mean of zero and a constant conditional 

variance 2 . Conditional level-2 residuals ju0 and ju1 are assumed normally distributed 

with a mean of zero and the following covariance structure:  cov 
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Under this formulation, it is assumed that there is no contextual effect for gender. If it 

was hypothesized that the associate between gender and the outcome is different at the 
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student and school level, such a contextual effect could be estimated through the 

additional of a school-level gender variable (e.g. the proportion of males in the school). 

Three-level models.  For the previous example, students were clustered in schools. 

Thus, it was appropriate to use a two-level multilevel model, with students representing 

level-one units and schools representing level-two units. It is also possible for a data 

hierarchy to contain more than two levels. Consider an example in which students are 

clustered into schools and schools are also clustered into neighborhoods. This data 

hierarchy contains three levels with students at level one, schools at level two and 

neighborhood at level three. Accordingly, it would be appropriate to use a three-level 

model. Such an unconditional three-level model could be expressed as follows at level 

one:

ijkjkijk eY  0 ,                                                          (8)

and at level two:

jkkjk r0000   ,                                                         (9)

and at level three:

kk u0000000                                                          (10)

where ijkY represents the outcome for student i in school j in neighborhood k, 000

represents the mean outcome across neighborhoods, k00 represents the mean outcome 

for neighborhood k, jk0 represents the mean outcome for school j in neighborhood k, 

ku00 represents the level-three residual term, jkr0 represents the level-two residual term 
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and ijke represents the level-one residual term. Level-one residuals are assumed to be 

independent and normally distributed with a mean zero and variance 2 , level-two 

residuals are assumed to be independent and normally distributed with mean zero and 

variance r , and level-three residuals are assumed to be independent and normally 

distributed with mean zero and variance u . The covariances among ku00 , jkr0 and ijke

are assumed to be zero and the total variance in the outcome can be calculated as u + r +

2 . As with two-level models, explanatory variables can be added at each level of the 

data hierarchy (see for example, Raudenbush & Bryk, 2002). 

Cross-Classified Random Effects Models.  The multilevel models introduced up to 

this point have been developed for use with perfectly hierarchical data. For a data 

structure to be perfectly hierarchical, clusters of lower level units must belong to only one 

higher level clustering variable. For a pure hierarchy, if there are two higher level 

clustering variables, one of the two must be perfectly nested in the other (Beretvas, 

2008). Consider an example in which students (lower level units) are members of 

elementary schools and neighborhoods (both higher level clustering variables). If all 

students are members of a single school and neighborhood, and if a school is fed students 

by a set of neighborhoods none of which feed students to another school and this holds 

for each school, then a pure three-level hierarchical structure is present. Under this 

structure, students could be considered nested in neighborhoods which are themselves 

nested within schools. Thus, students would be considered level one units, neighborhoods 

would represent level two units and schools would represent level three units.
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Unfortunately, not all data structures found in the social sciences are perfectly 

hierarchical (Beretvas, 2008; Fielding & Goldstein, 2006). For example consider the 

previous example in which students are members of schools and neighborhoods. If it is 

the case that a given neighborhood feeds students into multiple schools, not just a single 

school, than a perfect hierarchy would not exist. In this case, there are two higher level 

clustering variables (neighborhoods and schools), however, neighborhoods are no longer 

fully nested in schools nor are schools fully nested in neighborhoods. As a result, a three-

level multilevel model would no longer be appropriate because “neighborhood” and 

“school” are each considered level-two classifications. Instead, students are cross-

classified by school and neighborhood. School and neighborhood would then be referred 

to as cross-classified factors, and the resulting data structure would be a two-level cross-

classified structure, with students (level one) cross-classified by neighborhoods (level 

two) and schools (level two). 

Fortunately, cross-classified random effects models (CCREMs) have been 

developed for use when cross-classified factors are present (Fielding & Goldstein, 2006; 

Raudenbush & Bryk, 2002). These models are similar to traditional multilevel models but 

because they incorporate multiple clustering variables at a given level of the data 

hierarchy, they require an expanded system of indexing. Consider the previous example 

in which some neighborhoods feed students into multiple schools. Here, an unconditional 

two-level CCREM with the cross-classified factors “neighborhood” and “school” can be 

expressed at level one as follows:

   ),(),(0),( 212121 jjijjjji eY   ,                                        (11)
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and at level two:

  
212121 000000000),(0 jjjjjj uuu                          (12)      

where ),( 21 jjiY is the outcome for student i from neighborhood j1 and school j2, 000 is the 

grand mean outcome across students, neighborhoods and schools, ),( 21 jjie is the student-

level residual term, 
100 ju is the level-two residual term for neighborhood j1, 

200 ju is the 

level-two residual term for school j2, and 
2100 jju  is the random interaction effect between 

neighborhood and school classifications. This random interaction effect is typically set to 

zero due to problems in estimation caused by small within-cell sample size (Beretvas, 

2008; Raudenbush & Bryk, 2002). The residuals are assumed to be distributed as follows: 

),( 21 jjie ~ ),0( 2N , 
100 ju ~ ),0( 001juN  , 

200 ju ~ ),0( 002juN  , 
2100 jju  ~ ),0( 0021 jjuN


 . 

Covariances among cross-classified factors’ residual terms are assumed zero (Beretvas, 

2008).

In the above example there are two cross-classified factors. If we include the 

random interaction effect, the total level-two variance can be calculated as 

 000000 2121 jjjj uuu 
  . Furthermore, the intraclass correlation can be calculated for each 

of the cross-classified factors. For example, the intraclass correlation for the first level-

two classification “neighborhood” can be calculated as follows:

000000
2

00
,

2121

1

)2',1()2,1(

jjjj

j

jjijji

uuu

u

YY








 ,                                          (13)
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where 
)2',1()2,1( , jjijji YY can be interpreted as the correlation between outcomes of two 

students who live in the same neighborhood but attend different schools. The intraclass 

correlation for the second level-two classification “school” could be calculated similarly. 

As with traditional multilevel models, explanatory variables can be added to 

cross-classified models. Consider the above example in which students are cross-

classified within neighborhoods and schools. A researcher may wish to add the student-

level explanatory variable gender (X; with males coded with a zero and females coded 

with a 1) and the neighborhood variable socioeconomic status (Z). This two level 

conditional CCREM can be expressed at level one as follows:

),(),(),(1),(0),( 2121212121 jjijjijjjjjji eXY   ,                              (14) 

and at level two:











21121

21121

1010110100),(1

0000010000),(0

jjjjj

jjjjj

uuZ

uuZ




                                 (15)

where 000 is the predicted outcome when X and Z equal zero, 100 is the effect of gender 

on the outcome (controlling for Z), 010 is the influence of neighborhood socioeconomic 

status on the intercept, and 110 is the influence of neighborhood socioeconomic status on 

the gender effect. The inclusion of the level-two residuals 
100 ju and 

200 ju indicate that 

there is residual variability in the intercept across neighborhoods and schools. The 

inclusion of the level-two residuals 
110 ju and 

210 ju indicate that there is residual variability 

in the gender effect across neighborhoods and schools. It should be noted that, if it is 

hypothesized that the gender effect is constant across schools or neighborhoods, such an 
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effect could be modeled as fixed across the appropriate higher-level classification. 

Additional student-level, neighborhood-level and school-level explanatory variables 

could also be added to the model (see for example, Meyers & Beretvas, 2006). 

Consequences of Ignoring Cross-Classified Data Structures.  Two studies have 

investigated the impact of ignoring a cross-classified factor. Meyers and Beretvas (2006) 

conducted a study in which level-one units were generated to be cross-classified by two 

level-two classifications, to simulate the cross-classification of students by middle school 

and high school. The authors then compared the parameter estimates obtained from a 

CCREM that modeled both existing cross-classified factors to those obtained from a 

multilevel model that ignored one of the two cross-classified factors. Results indicated 

that, for the second approach, the residual variance associated with the ignored cross-

classified factor was inappropriately redistributed to the level-one residual variance and 

the residual variance of the remaining level-two classification.

Luo and Kwok (2009) further investigated the consequences of ignoring a cross-

classified factor through a series of simulation studies. They found that ignoring a crossed 

factor resulted in the overestimation of residual variances at adjacent levels of the data 

hierarchy. Specifically, their results indicated that by ignoring a crossed factor at the kth 

level, variability across level k units will be redistributed to level k  1.

Multiple membership random effects models.  Special forms of CCREMs called 

multiple membership random effects models (MMREMs) have been developed for use in 

situation where lower level units are members of multiple higher level units 

simultaneously (Fielding & Goldstein, 2006). The existence of “multiple membership” 
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creates an imperfect hierarchical data structure for which traditional multilevel models 

are not appropriate. MMREMs are like CCREMs in the sense that the multiple higher 

level units can be considered multiple classifications that exist at the same level of the 

data hierarchy. Consider an example in which some students in a dataset (lower level 

units) attend multiple schools (higher level units) across time. Traditional multilevel 

models allow for students to be members of only one school. It is likely, however, that a 

mobile student has been exposed to the influences of multiple schools (Fielding & 

Goldstein, 2006). The inability of traditional multilevel models to account for multiple 

membership is problematic in the sense that they ignore the potential influence of 

additional school environments on student outcomes. MMREMs solve this problem by 

modeling the combined effects of multiple higher level units on lower level outcome 

measures. In the school example, the use of a MMREM would allow for the 

consideration of the school effects of each of multiple schools attended by a student. A 

two-level unconditional MMREM can be expressed as follows at level one:

}{}{0}{ jijiji eY                                                  (16)

where ),0(~ 2
}{ Ne ji , and at level two:
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where i indexes the student, {j} indexes the set of schools of which student i has been a 

member, h uniquely indexes school, 00 is the overall mean outcome across schools, }{ jie

is the level one residual for student i who is a member of the j set of schools, ihw is the 
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weight accorded to the random effect of school h, and hu0 is the level two intercept 

residual for school h. It is assumed that ),0(~ 00uoh Nu  . Additionally, each student’s 

(level one unit’s) set of weights will sum to one. 

As with traditional multilevel models, explanatory variables can be added to the 

unconditional MMREM at each level of the hierarchy. Consider an educational example 

in which the student outcome is thought to be influenced by the effect of student gender 

(X) and school socioeconomic status (Z). The conditional MMREM could be expressed 

as follows at level one:

}{}{}{1}{0}{ jijijijiji eXY                                   (18)

and at level two:
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where 00 is the predicted outcome when X and Z equal zero, 01 is the effect of Z on the 

intercept, 10 is the overall gender effect (controlling for Z), 11 is the influence of Z on 

the gender effect, hu0 is the conditional intercept residual for school h and hu1 is the 

conditional slope residual for school h.

Consequences of ignoring multiple membership structures.  To date, only a few 

studies have explicitly investigated the consequences of ignoring multiple membership. 

Goldstein, Burgess and McConnell (2007) conducted applied data analyses using a series 

of MMREMs and traditional multilevel models to compare parameter estimates obtained 
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under the two modeling approaches. Their results demonstrated that traditional multilevel 

models that ignored student mobility by defining students as members of only their most 

recently attended school, yielded lower estimates of between-school variances than those 

obtained from MMREMs. Furthermore, MMREMs resulted in better fit than that 

obtained with models where multiple membership structures were ignored. 

Chandola, Clarke, Wiggins and Bartley (2005) investigated the effects of person-

level, household-level, and area-level variables on various health outcomes through the 

application of both MMREM and purely hierarchical contextual modeling approaches. 

Results indicated that for each outcome measure, purely hierarchical models yielded 

lower estimates of between-household variances than those obtained from MMREMs. 

Additionally, MMREMs typically resulted in better model fit than purely hierarchical 

models. 

Both of the aforementioned studies involve analyses of real datasets. Chung 

(2009) conducted a simulation study to investigate the consequences of ignoring multiple 

membership structures by comparing parameter estimates obtained from two-level 

MMREMs and from traditional multilevel models. Results indicated that ignoring a 

multiple membership structure led to the underestimation of level two variance 

components and the overestimation of level-one variance components. In combination 

these studies indicate that ignoring a multiple membership structure can result in 

inaccurate variance apportioning that can lead to false inferences about the importance of 

the relevant clustering context on the outcome of interest.
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Cross-Classified Multiple Membership Models.  CCREMs and MMREMs can be 

combined where appropriate to form cross-classified multiple membership random 

effects models (CCMMREMs). Consider an example where students are members of 

neighborhoods and schools and where neighborhoods are not perfectly nested in schools 

and some students attend multiple schools. For this example, a CCMMREM is 

appropriate because lower level units (students) are members of imperfectly nested level-

two cross-classifications (neighborhood and school), and some lower level units are 

members of multiple schools. The resulting data structure could be modeled with a two 

level CCMMREM which can be expressed as follows at level one.

})2{,1(})2{,1(0})2{,1( jjijjjji eY                                   (20)

where it is assumed that ),0(~ 2
})2{,1( Ne jji , and at level two:
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where 000 is the mean outcome across neighborhoods and schools, 1000 ju is the 

neighborhood residual, wih is the weight assigned to the random effect for school h, and 

hu000 is the school residual for school h. It is assumed that ),0(~ 00000 11 juj Nu  and 

),0(~ 00000 2juh Nu  . As with MMREMs and CCREMs, student, neighborhood and school 

explanatory variables can be added to the model. 

The specific multilevel models discussed to this point are not designed to handle 

repeated measures data. However, the multilevel modeling framework can be used to 
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model repeated measures data. The following section details a number of approaches to 

modeling repeated measures data in a multilevel modeling framework.

Growth Curve Modeling

The following section will provide an introduction to growth curve modeling 

(GCM) and its applications in educational research. It will also provide a discussion of 

the multiple membership problem as it relates to multilevel GCM. The final portion 

provides a discussion of a cross-classified multiple membership growth curve model 

(CCMM-GCM) which is the focus of the current study. 

Multilevel growth curve modeling.  Educational researchers are often interested in 

observing long-term growth in student achievement. Doing so requires the collection of 

student data at multiple time points, as well as the application of a statistical model 

capable of representing student growth over time. The study of individual change has 

been plagued by methodological problems (Bryk & Raudenbush, 2002). Among these 

problems were the “unit of analysis” and “measurement of change” problems. According 

to Bryk and Raudenbush (1988) the “unit of analysis” problem stems from the fact that 

individuals are often grouped into higher-level organizations. However, this problem is 

not unique to models of individual change and was discussed in detail in the previous 

section on contextual multilevel models. The “measurement of change” problem refers to 

the inadequacy of repeated measures designs, which includes the lack of multiple-time-

point designs and the inadequacy of instruments for measuring individuals across 

extended time periods. When at least three vertically-scaled repeated measures are 

available, multilevel models provide a useful methodological framework for studying 
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individual change in various organizational contexts. This is because, under the 

multilevel GCM approach, repeated measures can be thought of as nested within 

individuals (Raudenbush & Bryk, 2002). 

The multilevel GCM approach has a number of advantages over traditional 

methods of modeling repeated measures data such as multivariate repeated-measures 

models. First, multilevel GCMs do not require that the number and spacing of 

measurements be identical for all individuals. This is because, for multilevel GCMs, the 

time between measurement occasions is included as a level-one predictor variable and the 

value of this variable can vary across individuals (Raudenbush & Bryk, 2002). A second 

advantage of multilevel GCMs is that they provide a means for investigating individual 

growth within higher-level organizational units. Multilevel GCMs allow for individual 

growth trajectories to be modeled as varying across higher-level units, and accordingly, 

they allow for the exploration of the effects of various organizational characteristics on 

growth trajectories. A third advantage of multilevel GCMs over other repeated measures 

models is that GCMs are able to handle data missing at random. Under the multilevel 

GCM approach, all participants with data from at least one measurement occasion can be 

included in the model. 

Two-Level Baseline Model.  As outlined by Raudenbush and Bryk (2002) the 

multilevel modeling approach to evaluating individual growth views repeated measures 

as nested within the individual. Under this approach a two-level baseline linear GCM can 

be expressed at level one as:

titiiiti etimeY  )(10                                              (22)
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where tiY is the outcome at time t for student i, i0 is the outcome (the intercept) for 

person i at the time point coded with a zero (i.e., when time = 0), i1 is the increase in the 

outcome for person i per one unit increase in time (the slope), and tie is the level-1 error 

term. Level-one errors are assumed to be normally and independently distributed with 

constant variance 2 . At level two the baseline GCM can be expressed as:
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where 00 is the average intercept across individuals, ir0 is the level-two residual for the 

intercept, 10 is the average slope across individuals and ir1 is the level-two residual for 

the slope. Level-two residuals are assumed normally distributed with a mean of zero and 

the following covariance structure:  cov 
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Three-Level Baseline Model.  As mentioned previously, the multilevel modeling 

approach also allows for individuals to be nested in organizations. When repeated 

measures are taken on individuals who are nested in some higher level clustering unit, a 

three-level GCM is appropriate and can be expressed at level one as follows:

tijtijijijtij etimeY  )(10                                         (24)

where tijY is the outcome at time t for person i in group j, ij0 is the outcome for person i

in group j for the time point coded with a zero (the intercept), ij1 is the growth slope for 
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person i in group j and tije is the level-1 error term. At level two the model can be 

expressed as:
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where j00 is the mean intercept for group j, j10 is the mean slope for group j, ijr0 is the 

level-two residual for the intercept for person i, and ijr1 is the level-two residual for the 

slope for person i. Level-two residuals are assumed normally distributed with a mean of 

zero and the following covariance structure:  cov 
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. At level three, the 

model can be expressed as:
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where 000 is the overall mean intercept, 100 is the overall mean slope, ju00 is the level-

three residual for the intercept for group j and ju10 is the level-three residual for the slope 

for group j. Level-three residuals are assumed normally distributed with a mean of zero 

and the following covariance structure:  cov 
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. For the baseline three-

level GCM the percentage of variation in the intercept that lies between level-three units 

can be calculated as  00ruoouoo   and the percentage of variation in the slope that lies 

between level-three units can be calculated as  1011 rouou   . 
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Three-Level Conditional Model.  Level-two and level-three explanatory variables 

can be added to the three-level baseline GCM to create a conditional model. Consider an 

example where repeated measures (level-one units) are available for students (level-two 

units) who are members of schools (level-three units). After fitting the baseline model, a 

researcher may wish to add the student-level explanatory variable gender (X; with males 

coded with a 1 and females coded with a zero), as well as the school-level explanatory 

variable socioeconomic status (Z; calculated as the mean SES for a given school). The 

conditional model can be expressed as follows at level one:

tijtijijijtij etimeY  )(10                                          (27)

and at level two:
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where j00 is the intercept for a female (controlling for Z), j01 is the increase in the 

intercept associated with being male (controlling for Z), j10 is the linear growth slope 

for a female (controlling for Z), j11 is the increase in the growth slope associated with 

being a male (controlling for Z), ijr0 is the conditional student-level residual term for the 

intercept and ijr1 is the conditional student-level residual for the slope. The conditional 

model can be expressed at level three as follows:
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where 000 is the intercept when X and Z are zero, 001 is the effect of Z on the intercept, 

010 is the effect of X on the intercept when Z is equal to zero, 011 is the effect of Z on 

the relationship between the intercept and X, 100 is the slope when X and Z are zero, 101

is the effect of Z on the slope, 110 is the effect of X on the slope when Z equals zero, and 

111 is the effect of Z on the relationship between X and the slope. It should be noted that, 

if it is hypothesized that the effects of X on the intercept and slope are constant across 

schools, these effects could be modeled as fixed across schools (though this is not the 

case here). Additional student-level, neighborhood-level and school-level explanatory 

variables could also be added to the model (see for example, Raudenbush & Bryk, 2002).

Under this modeling approach it is assumed there is no contextual effect for gender. 

Nonlinear growth trajectories.  The growth curve models discussed to this point 

have been linear. However, multilevel GCMs can also be used to model nonlinear 

growth. When growth is nonlinear, a researcher must first specify the shape of the growth 

polynomial. This can initially be accomplished through the inspection of individual 

growth curves. Consider an example in which up to four repeated measures of reading 

ability are nested in students, and reading achievement slopes are quadratic in form. For 

this scenario a single growth parameter would be inappropriate for describing students’ 
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reading achievement trajectories and a quadratic GCM could be necessary. The resulting 

baseline quadratic GCM could be expressed as follows at level one:

titiitiioiti etimetimeY  2
21 )()(                               (30)

and at level two:
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The level-two covariance structure is as follows: 
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. Under this 

formulation, i0 represents reading achievement at initial status (assuming the initial 

time point is coded with a zero), i1 represents the instantaneous rate of reading 

achievement growth at time t, i2   represents the acceleration and tie represents the 

level-one residual. For this model, the intercept and both growth rate parameters are 

allowed to vary across students. As with linear GCMs, student-level explanatory 

variables can be added to the baseline model to explain between-student variability in the 

intercept and growth rate parameters. Furthermore, should a quadratic GCM be 

inadequate for modeling growth curves, a higher level polynomial can be specified, with 

the restriction that the number of random parameters in the specified polynomial model 

should be less than the maximum number of measurement occasions in the repeated 

measures design.
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Multiple membership in growth curve modeling.  While traditional linear and 

nonlinear GCMs are suitable when there is pure nesting of measures in individuals and 

individuals in higher level clusters, they cannot be used to model the effects of lower 

level units’ membership in multiple higher level clusters. This is problematic for some 

real datasets because, while repeated measures are typically nested in only one person, 

persons are sometimes members of multiple higher level clusters. For instance, consider a 

frequently occurring educational example in which repeated measures are nested within

students but some students attend multiple schools across time. For this example, 

traditional multilevel GCMs could not be used to model multiple school effects for the 

mobile students in the dataset. Although MMREMs provide a means of modeling these 

multiple school effects, only one previous study has attempted to extend the MMREM 

framework to work with multilevel GCMs (Grady & Beretvas, 2010). In past GCM 

applications, educational researchers have typically adopted two ad hoc approaches to 

dealing with student mobility in the context of growth curve modeling. 

The first ad hoc approach, referred to here as the “delete” approach, involves the 

deletion of data for all mobile students in the dataset. The lack of mobile students in the 

remaining dataset allows for the use of a traditional multilevel GCM. For example, 

McRoach, O’Connell, Reis, and Levitt, (2006) used this approach to model children’s 

reading growth during Kindergarten and first grade. A potential limitation of the delete

approach, as recognized by McRoach, et al., is that mobile students will not be included 

in the analyses. Because mobile students represent a realistic and possibly unique group 

of learners, their exclusion may limit the extent to which model results can be generalized 
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to a broad student population. This generalizability concern may be heightened by the 

fact that previous research has suggested student mobility is negatively associated with 

achievement (e.g., Rumberger, 2003; Rumberger & Larson, 1998; Yang, Goldstein, Rath, 

& Hill, 1999). 

The second ad hoc strategy for dealing with student mobility in growth curve 

modeling is to use information from only one school of the set of schools attended by a 

mobile student. There are two major instances in which this approach might be used. The 

first instance would likely occur when comprehensive school membership data is 

available, but the researcher chooses to ignore multiple membership in order to fit a 

traditional multilevel GCM. In these instances, the researcher must choose the single time 

point at which school membership is to be defined. Thus, mobile students might be 

considered members of only the first school they attended, or alternatively mobile 

students might be considered members of only the most recent school they attended, 

depending on the decision made by the researcher. 

The second instance in which such an approach would likely be necessary would 

occur when school membership data is only collected at one time during an extended 

period of longitudinal data collection. For instance, the school of which a given student is 

a member may only be available for the initial or final measurement occasion in a 

longitudinal study. In these instances mobile students might be considered members of 

only the first school they attended, or alternatively mobile students might be considered 

members of only the most recent school they attended depending on the school 

membership information available in the dataset. 
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The current study focuses on the approach by which a researcher considers each

student a member of only the school they attended at the initial time point in a 

longitudinal data collection period. This method will be referred to as the first school

approach because for this approach, mobile students are defined as members of only the 

first school they attended. For the current study, the first school was chosen over the last 

school approach because it seemed likely that, if forced to define school membership at a 

single measurement occasion, an applied educational researcher would likely use the first 

measurement occasion if fitting a multilevel GCM. This is because the time variable in 

such a GCM is typically coded so that the intercept represents the outcome at initial 

status. If this is the case, it would seem more logical to model the intercept as varying 

across the first school attended than to model it as varying across any subsequently 

attended school, including the last school. 

A limitation of the first school (or any single-school) approach is that it cannot 

model the potential effects of multiple school environments on those students who have 

been exposed to more than one school. Suppose, for instance, that a given student’s 

academic achievement trajectory is influenced by both the first and second school that 

they attend over their primary school years. This type of composite school effect could 

not be modeled with a first school GCM which would be capable of modeling the effect 

of only one of the two schools. The purpose of the current study is to evaluate an 

alternative GCM that overcomes this potential limitation. 

As mentioned previously, the current study evaluates an alternative to the two 

previously described ad hoc modeling approaches (delete and first school) that was 
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originally proposed by Grady and Beretvas (2010). This alternative GCM combines the 

MMREM approach with the traditional multilevel GCM approach. The resulting model is 

the focus of the current study and will be referred to here as the cross-classified, multiple 

membership growth curve model (CCMM-GCM; Grady & Beretvas, 2010). Grady and 

Beretvas originally demonstrated the CCMM-GCM and applied it to a real longitudinal 

dataset. Their findings indicated that, when applied to the same data, a CCMM-GCM 

yielded considerably different random effect estimates than a first school GCM. A 

limitation of the Grady and Beretvas study, however, was that the accuracy of parameter 

estimates obtained from the CCMM-GCM and first school GCM could not be assessed 

due to the fact that both models were applied to a real sample of data for which actual 

parameter values were unknown. The current study extends the work of Grady and 

Beretvas by conducting a simulation study that allows for an evaluation of the accuracy 

of parameter estimates under a series of baseline and conditional CCMM-GCMs and first 

school GCMs. The following section describes the CCMM-GCM in detail. 

The cross-classified multiple membership growth curve model.  As mentioned, it 

is often desirable to assess growth over time. However, longitudinal multiple membership 

data structures create a problem for the conventional three-level GCM. Consider an 

educational example in which repeated measures of academic achievement are collected 

for students, some of whom attend multiple schools. An educational researcher may wish 

to use a multilevel growth curve model to model student achievement trajectories and 

assess the potential influence of school-level variables on those trajectories. For mobile 

students, this would require that multiple school effects be modeled. The straightforward 
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incorporation of the MMREM approach to such a growth curve model would allow for 

both the intercept and slope of student growth trajectories to vary across the set of 

schools attended by mobile students. If, however, the time variable is coded such that the 

intercept represents the outcome at the first measurement occasion, then it would be 

inappropriate to model the intercept as varying across multiple schools because, at the 

initial measurement occasion, all students would have attended only one school. Rather, 

the appropriate model would allow the intercept of the growth model to vary across the 

first school attended, and the slope of the growth model to vary across the first school 

attended as well as the set of subsequently attended schools. Such a model would require 

the incorporation of both CCREM and MMREM modeling approaches (Grady & 

Beretvas, 2010). 

Under such an approach, the first cross-classified factor is defined as the first 

school that the student attended, while the second cross-classified factor would be 

defined as the set of subsequently attended schools. Note that it is possible that students 

attend more than one school subsequent to the first school attended and thus students 

might be members of multiple units of the second cross-classified factor. Such a model 

could be expressed as follows at level one: 

,}){,(}){,(}){,(1}){,(0}){,( 2121212121 jjtijjtijjijjijjti etimeY                      (32)

with ),0(~ 2
}){,( 21

Ne jjti , and at level two:











}){,(1}){,(10}){,(1

}){,(0}){,(00}){,(0

21211

212121

jjijjjji

jjijjjji

r

r

s



                                  (33)



31

where 





















1110

0100

}){,(1

}){,(0

21

1cov
rr

rr

jji

jji

r

r
s




, and at level three:












 }{

1001001000}){,(10

0000000}){,(00

2

121

121

jh
htihjjj

jjj

uwu

u




                       (34)

(Grady & Beretvas, 2010). Level three residuals are assumed normally distributed with 

the following covariance structures: 
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Under this formulation, t indexes measurement occasion, i indexes student, j1 indexes the 

first school attended and {j2} indexes the subsequent set of schools attended (from the 

second measurement point on). The inclusion of the level-three residual term
1000 ju in the 

formulation of the intercept and the inclusion of the level-three residual term 
1100 ju in the 

formulation of the slope indicate that the intercept and slope vary across the schools 

attended at initial status (assuming the first time point is coded with a zero). The 

inclusion of the level-three residual term h
jh

tihuw 100
}{ 2




in the formulation of the slope 

indicates that the slope also varies across the set of subsequently attended schools. Here 

1000 ju represents the effect on the intercept of having attended school 1j at time point 1, 

1100 ju represents the effect on the slope of having attended school 1j at time point 1, and 

h
jh

tihuw 100
}{ 2




represents the combined effect on the slope of having subsequently attended 

the set of {j2} schools. When a student is not mobile, a weight of one will be multiplied 

by the residual term for the second cross-classified factor )(
2100 ju . The resulting level-
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three residual terms for the slope are then 
1100 ju and 

2100 ju , (where j1=j2). The residual 

term 
1100 ju represents the effect on growth of having attended school j during the first

data point, and the residual term 
2100 ju represents the effect on growth of having attended 

school j during subsequent data points. These effects could differ, as the characteristics of 

school j (e.g. curriculum, teachers, demographics, etc.) could change with time. 

As with traditional GCMs, explanatory variables can be added to the CCMM-

GCM to explain variability in the intercept (here, the outcome at the first measurement 

occasion) and the slope. Consider the school example in which repeated measures of 

achievement are nested in students, and students are nested in schools (with some 

students attending multiple schools). A researcher may wish to add the student-level 

predictor variable gender (X; here males are coded with a zero), as well as the school-

level variables socioeconomic status (SES). This conditional CCMM-GCM can be 

expressed at level one as follows:
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And at level three:
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where 0010 represents the influence of the first school’s SES on the intercept, 0100

represents the gender effect on the intercept (modeled as fixed across schools), 1010

represents the influence of the first school’s SES on the slope, 1001 represents the 

influence of the weighted average of SES for the set of subsequently attended schools on 

the slope, and 1100 represents the gender effect on the slope (modeled as fixed across 

schools). 

Chapter 3:  Method

This dissertation consists of two studies. Study 1 entails a real data analysis to be 

conducted using a large-scale longitudinal student achievement dataset. The purpose of 

Study 1 is to compare the parameter and standard error estimates obtained from fitting a 

CCMM-GCM to a multiple membership dataset, to those parameter and standard error 

estimates obtained from fitting a first school GCM that ignores student mobility. Study 2 

consists of a simulation study. The purpose of Part 2 of the current study was to evaluate 

the impact of ignoring multiple membership data structures when fitting multilevel 

growth curve models. 

Study 1
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As mentioned previously, the purpose of Study 1 was to compare the parameter 

and standard error estimates obtained from fitting a CCMM-GCM to a multiple 

membership dataset, to parameter and standard error estimates obtained from fitting a 

first school GCM that ignores student mobility using a real dataset. The following section 

describes the dataset used in Study 1.

Original Dataset

The data analyzed in the current study were taken from the Growth Research 

Database maintained by the Northwest Evaluation Agency (NWEA). The original dataset 

contained math, reading and language usage achievement scores for 40,176 students from 

974 schools. These students were tracked from 5th through 8th grade. 

Measures

Dependent measure.  The dependent measures of interest for Study 1 of the 

current study were math achievement scores. The current study used math achievement 

scores collected from 6th through 8th grade only. For this period, up to six math scores 

were available for each student. Math achievement scores were collected in the fall of 6th

grade (2005), the spring of 6th grade (2006), the fall of 7th grade (2006), the spring of 7th

grade (2007), the fall of 8th grade (2007) and the spring of 8th grade (2008). Scores were 

reported on an equal interval scale, called an RIT scale, which was developed by the 

NWEA. The RIT scaling system is based on item response theory, and it ensures that 

student scores are continuous across grades (i.e. vertically scaled). 
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School-level variables.  The school-level variable of interest in the current study 

was school Title 1 eligibility status (TOE). Schools with missing data on this variable 

were deleted from the original dataset and not included in any subsequent analyses.

Student-Level Variables.  The student-level variable of interest in the current 

study was student gender (GEN). Students missing data on this variable were deleted 

from the original dataset and not included in any subsequent analyses. 

Missing data.  Schools missing information on one or more school-level variables 

were deleted from the analysis. Naturally, when a school was deleted from the dataset, all 

students that attended that school were also deleted. Students whose gender was unknown 

were also deleted from the original dataset. The final dataset contained 38,668 students 

from 200 schools.

Student Mobility  

After the removal of all missing data, 363 (.94%) of the remaining total of 38,668 

students had changed schools at least once during the period from 6th through 8th grade. 

These students were considered mobile students. Because the NWEA data used in the 

current study were collected only for students from a fixed geographic region, mobile

students who moved away from this fixed geographic region were not tracked, and are 

thus not represented in the dataset. Accordingly, the mobile students within the NWEA 

dataset represent only those students who changed schools, but stayed within the fixed set 

of schools tracked by the NWEA. Thus, the mobility rate for the dataset used in Study 1 

is lower than the mobility rate that would typically be seen in national longitudinal 

student achievement datasets like the ELCS-K (Chung, 2009; Grady & Beretvas, 2010). 
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Analysis

Baseline and conditional versions of a CCMM-GCM and a first school GCM 

were fit to the real dataset. The goal was to compare the parameter and standard error 

estimates obtained from fitting a CCMM-GCM, to those parameter and standard error 

estimates obtained from fitting a first school GCM that ignores student mobility. Visual 

inspection of individual student math achievement trajectories indicated that linear 

growth curve models were appropriate. In total, four models were fit to the data. These 

were, 1) a linear baseline CCMM-GCM, 2) a linear baseline first school GCM, 3) a linear 

conditional CCMM-GCM with both student-level and school-level explanatory variables, 

and 4) a linear conditional first school GCM with both student-level and school-level 

explanatory variables. The baseline CCMM-GCM was identical to that model shown in 

Equations 32 through 34. The baseline first school GCM was identical to that model 

shown in Equations 24 through 26.

The conditional CCMM-GCM was as follows at level one:

,}){,(}){,(}){,(1}){,(0}){,( 2121212121 jjtijjtijjijjijjti etimeY                              (38)

at level two:











}){,(1}){,(}){,(11}){,(10}){,(1

}){,(0}){,(}){,(01}){,(00}){,(0

212121211

2121212121

jjijjijjjjjji

jjijjijjjjjji

rGEN

rGEN

s



,                        (39)

and at level three:
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where GEN is the effects-coded variable representing student gender (with males coded 

with a 1 and females coded with a -1), and TOE is the effects-coded variable representing 

school Title 1 eligibility (with Title 1 eligible schools coded with a 1 and Title 1 

ineligible schools coded with a -1). The gender effect for the intercept and slope was 

modeled as fixed across schools.

The conditional first school GCM was as follows at level one:

tijtijijijtij etimeY  )(10  ,                                              (41)

at level two:
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and at level three: 
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The gender effect for the intercept and slope was modeled as fixed across schools. It 

should be noted that both the conditional CCMM-GCM and first school GCM assume no 

contextual effect for gender. 
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All models were fit using MLwiN software (Rasbash et al., 2000). Markov Chain 

Monte Carlo (MCMC) estimation was used, with a single chain, 50,000 iterations and a 

burn-in of 5,000 iterations. Default, flat priors were used for all parameters. The Raftery-

Lewis diagnostic (Raftery & Lewis, 1992) provided in MLwiN was used to determine the 

needed number of iterations. Inspection of the diagnostic for all parameters in the model 

indicated that 50,000 iterations were sufficient. Fixed and random effects estimates and 

their associated standard errors were compared across the two modeling approaches. The 

deviance information criteria (DIC; Speigelhalter, Best, Carlin & van der Linde, 2002) 

values were also used to compare model fit of the different models investigated. The DIC 

is a fit index used in Bayesian model selection and is calculated as follows:

DpDDIC                                                  (44)

where D is the mean deviance across iterations and Dp is the effective number of 

parameters. The DIC penalizes model complexity through the term Dp , as small DIC 

values indicate better model fit. According to Speigelhalter, et al. (2002), models with a 

DIC value within one to two points of the DIC for the best fitting model should be given 

consideration, while models with DIC values that differ from the DIC of the best fitting 

model by more than three to seven points should be given less consideration. 

Additionally, Speigelhalter, et al. (2002) showed that, in the presence of uninformative 

priors, the DIC is roughly equivalent to Akaike’s Information Criterion (AIC; Akaike, 

1973). 

Study 2
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The following section details the simulation study conducted in Study 2.

Simulated Conditions

In order to compare the accuracy of parameter estimates obtained from the 

CCMM-GCM and first school modeling approaches, a simulation study was designed. 

Four factors were manipulated in the simulation study. Factor one was the percentage of 

mobile students in the simulated datasets and this factor had two levels (10%, 20%). 

Factor two was the average number of students per school and this factor had two levels 

(20, 40). Factor three was the number of measurement occasions per student and this 

factor had two levels (3, 5). Factor four was the type of growth curve model fit to the 

data. This factor had four levels (baseline CCMM-GCM, baseline first school GCM, 

conditional CCMM-GCM, conditional first school GCM). For each simulated dataset the 

total number of schools was fixed at 50. Accordingly, when the average number of 

students per school was set at 20 there were a total of 1,000 students per simulated 

dataset. When the average number of students per school was set at 40 there were a total 

of 2,000 students per simulated dataset. One hundred datasets were generated per unique 

combination of conditions. Datasets were generated and all growth curve models fit in 

MLwiN. MCMC estimation was used to fit all models. The following section provides 

additional details about each factor in the experimental design. 

Percentage of mobile students.  The student mobility factor for the current 

simulation study contained two levels (10%, 20%). Student mobility percentages were 

chosen to reflect actual mobility rates observed in real populations. A review of data 

collected as part of the Early Childhood Longitudinal Study (ECLS-K) indicated a 
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mobility rate of 18% from Kindergarten to first grade (NCES, 2002). A report by the U.S. 

Government Accounting Office (1994) found that 15% of third graders in suburban areas 

and 25% of third graders in urban areas had changed schools at least once since first 

grade, with an overall mobility rate of 17%. Furthermore, mobility rates of 10% and 20% 

have been used in previous simulation studies (Chung, 2009). 

Average school size.  The average school size represented the average number of 

students per school. The two levels of the school size factor were 20 students per school 

and 40 students per school and these values were chosen to reflect school sizes likely to 

be observed in real student achievement datasets. A review of ECLS-K data indicated an 

average school size of 19 students (NCES, 2002). In some datasets, however, it seemed 

likely that greater numbers of students would be sampled from each school, and 

accordingly, an upper average school size value of 40 was included as a level of the 

school size factor. Furthermore, the average school sizes used in the current study had 

also been used in previous simulations of a similar nature (Chung, 2009; Meyers & 

Beretvas, 2006). 

Number of Measurement Occasions.  Factor three of the simulation study was the 

number of measurement occasions per student and this factor had two levels (3, 5). 

Because longitudinal data collection is difficult and expensive, it seemed likely that the 

majority of longitudinal student achievement datasets would contain between three and 

five measures of academic achievement per student. Furthermore, because multilevel 

growth curve models require that repeated measures be vertically scaled and because 

vertical scales typically become less stable when there are extended time periods between 
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repeated measures, it seemed unlikely that more than five vertically scaled outcomes 

would be present per student in a real longitudinal dataset. 

Growth curve models.  The final factor included in the study design was the type 

of growth curve model fit to the simulated datasets. Two baseline GCMs and two 

conditional GCMs were fit to each of the 100 simulated datasets generated for each 

unique data condition. These models are described in detail in a subsequent section. 

Data Generation

All simulated datasets were generated using MLwiN software (Rasbash et al., 

2000). Data were generated according to a three level, multiple membership structure 

with level three representing the school level, level two representing the person level and 

level one representing the measurement level. In order to create a multiple membership 

structure, two schools were generated for each student. A mobility variable was generated 

with the relevant condition’s percentage of mobility (i.e., with the proportion of mobile 

versus non-mobile students set to 10% or 20%). Non-mobile students (those coded as 

such given their value on the mobility variable) were coded to have attended only the first 

of the two schools already assigned to them. Mobile students, however, were coded to 

have attended both schools. Accordingly, the maximum number of schools attended by 

any simulee was two. School membership patterns were fixed for mobile students. When 

the number of measurement occasions was three, all mobile students attended a given 

first school (j1) during the first two measurement occasions and a given second school (j2) 

during the third measurement occasion. When the number of measurement occasions was 

five, mobile students attended a given first school (j1) during the first three measurement 
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occasions and a given second school (j2) during the fourth and fifth measurement 

occasions. For the baseline datasets, the only explanatory variable used in the generating 

model was the level one variable time. The equation used to generate baseline datasets 

was as follows at level one:
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at level three:
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Baseline fixed effects.  As given in Equation 47, the generating values for the 

fixed effects were 800 for the intercept and 80 for the slope. 

Baseline random effects.  Level one residuals ( }){,( 21 jjtie ), level two residuals (

}){,(0 21 jjir , }){,(1 21 jjir ) and level three residuals (
1000 ju , 

1100 ju , 
2100 ju ) were generated from 

normal distributions with means of zero and differing variances. The variance of }){,( 21 jjtie

was set at 120, the variance of }){,(0 21 jjir was set at 200, the variance of }){,(1 21 jjir was set at 

60, the variance of 
1000 ju was set at 20, the variance of 

1100 ju was set at 20 and the variance 

of 
2100 ju was set at 20. Under these values, approximately 91% of the variance in the 

intercept was between students with the remaining 9% between schools. For the slope, 
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60% of the variance was between students and 40% was between schools. The generating 

values for the random effects were informed by values observed in previous applied and 

methodological studies involving the CCMM-GCM and traditional three level growth 

curve models (Bryk & Raudenbush, 1988b; Grady & Beretvas, 2010; McRoach, 

O’Connell, Reis & Levitt, 2006; Sander, Grady & Auger, 2009; Zvoch & Stevens, 2003; 

Zvoch & Stevens, 2005). 

For the conditional datasets, one school level explanatory variable and one student 

level explanatory variable were generated, along with the level one explanatory variable 

time. The equation used to generate conditional datasets was as follows at level one:

,}){,(}){,(}){,(1}){,(0}){,( 2121212121 jjtijjtijjijjijjti etimeY                  (48)

at level two:
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and at level three:
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Conditional fixed effects.  As given in Equation 50, the generating values for the 

fixed effects were as follows: 800.0 for the intercept, 80.0 for the slope, -20.0 for the 

effect of X on the intercept, -4.0 for the effect of X on the slope, -20.0 for the effect of Z 



44

on the intercept and -4.0 for the effect of Zj1 on the slope and -4.0 for the effect of Zh on 

the slope. 

The student and school explanatory variables were dichotomous variables. Values 

for the dichotomous student level explanatory variable X were drawn from a binomial 

distribution with n = 1 and p = 0.5 and subsequently effects coded. Values for the 

dichotomous school level explanatory variable Z were drawn from a binomial distribution 

with n = 1 and p = 0.2 and subsequently effects coded. 

Conditional random effects.  Level one residuals ( }){,( 21 jjtie ), level two residuals (

}){,(0 21 jjir , }){,(1 21 jjir ) and level three residuals (
1000 ju , 

1100 ju , 
2100 ju ) were generated from 

normal distributions with means of zero and differing variances. The variance of }){,( 21 jjtie

was set at 120, the variance of }){,(0 21 jjir was set at 200, the variance of }){,(1 21 jjir was set at 

60, the variance of 
1000 ju was set at 20, the variance of 

1100 ju was set at 20 and the variance 

of 
2100 ju was set at 20. Under these values, approximately 91% of the variance in the 

intercept was between students with the remaining 9% between schools. For the slope, 

60% of the variance was between students and 40% was between schools. These 

conditional variances were the same as for the baseline generating model.

The generating values for the fixed effects were informed by several applied 

studies that used dichotomous school-level and student-level explanatory variables to 

explain variability in student achievement intercepts and slopes (Grady & Beretvas, 2010; 

Lee & Bryk, 1989; Bryk & Raudenbush, 1988b). The random effect values were

informed by the results of previously conducted applied and methodological studies 
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involving three level growth curve models (Bryk & Raudenbush, 1988b; Grady & 

Beretvas, 2010; McRoach, O’Connell, Reis & Levitt, 2006; Sander, Grady & Auger, 

2010; Zvoch & Stevens, 2003; Zvoch & Stevens, 2005). 

Analysis

Growth curve models.  Two baseline growth curve models and two conditional 

growth curve models were fit to each of the 100 simulated datasets from each unique data 

condition. In total, four growth curve models were fit to each of eight unique data 

conditions for a total of 32 unique study conditions. All models were fit using MLwiN 

software (Rasbash et al., 2000). MCMC estimation was used, with a single chain, 50,000 

iterations and a burn-in of 5,000 iterations. The Raftery-Lewis diagnostic (Raftery & 

Lewis, 1992) provided in MLwiN was used to determine the needed number of iterations. 

Inspection of the diagnostic for all parameters in the model, for a single simulated dataset 

from each condition, indicated that 50,000 iterations were sufficient. Default, flat priors 

were used for all parameters. The baseline CCMM-GCM fit to the simulated dataset was 

as follows at level 1:
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and at level three:
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The baseline first school GCM fit to the simulated dataset was as follows at level 

one:

tijtijijijtij etimeY  )(10  ,                                        (54)

at level two:
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and at level three:
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The conditional CCMM-GCM fit to the simulated datasets was as follows at level 

one:

,}){,(}){,(}){,(1}){,(0}){,( 2121212121 jjtijjtijjijjijjti etimeY                         (57)

at level two:











}){,(1}){,(}){,(11}){,(10}){,(1

}){,(0}){,(}){,(01}){,(00}){,(0

212121211

2121212121

jjijjijjjjjji

jjijjijjjjjji

rX

rX

s



,                      (58)

and at level three:
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The conditional first school GCM fit to the simulated datasets was as follows at 

level one:

tijtijijijtij etimeY  )(10  ,                                  (60)

at level two:
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and at level three:
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After each replication of each unique study condition, parameter estimates, 

standard error estimates and DIC values were saved and stored for analysis. In total, 

3,200 unique sets of estimates were obtained in Study 2. MLwiN software was used to 

calculate and summarize all dependent measures. 

Dependent Measures

A relative bias statistic was used to evaluate the accuracy of parameter estimates 

obtained from each of the unique study conditions. According to Hoogland and 

Boomsma (1998), relative bias values below .05 are considered acceptable. Relative bias 

was calculated for fixed and random effects as follows (Hoogland & Boomsma, 1998):
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where î is the average of the 100 estimates of parameter i for a given condition and i

is the true value of parameter i.

DIC values were also evaluated across conditions. For each unique condition 100 

DIC values were recorded. For both baseline and conditional models, correct model 

identification was said to have occurred when the DIC for the CCMM-GCM was smaller 

than the DIC for the associated first school model (Speigelhalter, Best, Carlin & van der 

Linde, 2002). The proportion of correct model identification was obtained as follows:

r

c
c n

n
P                                                        (64)

where cn is the number of correct model identifications and rn represents the number of 

replications.     
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Chapter 4:  Results

Study 1

The following section summarizes the results of the real data analysis performed 

in Study 1. The section contains descriptive statistics for the real dataset, as well as fixed 

and random effect estimates for the baseline and conditional CCMM-GCMs and first 

school models fit in Study 1. 

Descriptive Statistics

Table 1 contains descriptive statistics for math scores at the six measurement 

occasions.
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Table 1

Descriptive Statistics for Math Scores at the Six Measurement Occasions

________________________________________________________________________

Variable Mean SD Count
________________________________________________________________________

Math Time 1 221.64 14.38 38,668

Math Time 2 227.49 14.92 38,668

Math Time 3 228.14 15.30 38,668

Math Time 4 233.52 15.69 38,668

Math Time 5 233.73 15.79 38,668

Math Time 6 238.21 16.34 38,668
________________________________________________________________________
Note. SD = standard deviation;  Math Time 1 = math score at the first measurement 
occasion;  Math Time 2 = math score at the second measurement occasion;  Math Time 3
= math score at the third measurement occasion;  Math Time 4 = math score at the fourth 
measurement occasion;  Math Time 5 = math score at the fifth measurement occasion;  
Math Time 6 = math score at the sixth measurement occasion.

Table 2 contains descriptive statistics for student gender from the real dataset 

analyzed in Study 1. 
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Table 2

Descriptive Statistics for Gender for the Real Dataset

________________________________________________________________________

Gender Count Percentage
________________________________________________________________________

Male 19,342 50.02

Female 19,326 49.98
________________________________________________________________________

Table 3 contains descriptive statistics for school Title 1 eligibility from the real 

dataset analyzed in Study 1. 

Table 3

Descriptive Statistics for School Title 1 Eligibility for the Real Dataset

________________________________________________________________________

TOE Status Count Percentage
________________________________________________________________________

Title 1 Eligible 157 78.50

Title 1 Ineligible 43 21.50
________________________________________________________________________
Note.  TOE Status = School Title 1 eligibility status.

Baseline Fixed Effects

Table 4 contains the fixed effect estimates for the baseline CCMM-GCM and first 

school model. 
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Table 4

Fixed Effect Estimates for Baseline Models
________________________________________________________________________

CCMM-GCM First School GCM
________________________________________________

Parameter Coefficient SE Coefficient SE
________________________________________________________________________

Intercept 222.407 0.257 222.172 0.287

Slope 3.049 0.038 3.046 0.035
________________________________________________________________________
Note. SE = standard error.

In general, fixed and random effect estimates were similar for the baseline 

CCMM-GCM and first school model. Between-model differences in both intercept and 

slope estimates were small. Standard error estimates were also similar for the baseline 

CCMM-GCM and first school model. 

Baseline Random Effects

Table 5 contains the random effect estimates for the baseline CCMM-GCM and 

first school model. 
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Table 5

Random Effect Variance Estimates for Baseline Models
________________________________________________________________________

CCMM-GCM First School GCM
________________________________________________

Parameter Coefficient SE Coefficient SE
________________________________________________________________________

Level 1 variance between

Measures 28.689 0.104 28.679 0.103

Intercept variance between

Students 165.025 1.275 165.026 1.311

1st schools 19.719 2.094 19.924 2.160

Slope variance between

Students 0.666 0.018 0.671 0.018

1st schools 0.110 0.038 0.231 0.024

Subsequent Schools 0.130 0.044 ------- --------
________________________________________________________________________
Note. SE = standard error; ----- = not applicable. 

In terms of level 1 variance estimates, the baseline CCMM-GCM and first school

model produced similar estimates. Standard error estimates for the level 1 variance were 

nearly identical for the two modeling approaches as well. Estimates of the between-

student variance in the intercept and the between-school variance in the intercept were 

also similar for the baseline CCMM-GCM and first school model, as were their 

respective standard error estimates. Estimates of the between-student variance in the 
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slopes differed only slightly for the CCMM-GCM and first school model. Standard error 

estimates for the between-student variance in the slope were identical. Substantial 

between-model differences were observed for the between-school estimates of the 

variance in the slope. The CCMM-GCM partitioned the between-school variance in the 

slope into that variance in the slope that was between initially attended schools (i.e. first 

schools) and that variance in the slope that was between subsequently attended schools. 

The first school model estimated only the between-first-school variance in the slope. This 

modeling difference was reflected in the between-school slope variance estimates for the 

two modeling approaches. For the CCMM-GCM the between-first-school variance in the 

slope was about half of what it was under the first school model, which did not estimate a 

between-subsequent-schools variance in the slope. For the CCMM-GCM, the between-

subsequent-schools variance in the slope was nearly equivalent to the between-model 

difference in the estimate of the between-first-school variance. This pattern suggested 

that, for the first school model, between-subsequent-schools variance in the slope was 

incorporated into the estimate of the between-first-school variance in the slope. Standard 

error estimates for the between-first-school variance in the slope also differed between 

models, with the CCMM-GCM yielding a larger standard error than the first school 

model. 

The following section gives fixed and random effect estimates for the conditional 

CCMM-GCM and first school model estimated in Study 1.

Conditional Fixed Effects
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Table 6 contains the fixed effect estimates for the conditional CCMM-GCM and 

first school model.

Table 6

Fixed Effect Estimates for Conditional Models
________________________________________________________________________

CCMM-GCM First School GCM
________________________________________________

Parameter Coefficient SE Coefficient SE
________________________________________________________________________

Model for Intercept

Intercept 222.115 0.289 222.005 0.273

Gender 0.571 0.067 0.553 0.066

Sch1_Title 1 -1.215 0.309 -0.901 0.363

Model for the Slope

Intercept 2.832 0.105 3.098 0.040

Gender*Time -0.029 0.008 -0.030 0.008

Sch1_Title1*Time 0.048 0.039 0.070 0.042

Subsch_Title1*Time 0.263 0.102 ------- -------
________________________________________________________________________
Note. SE = standard error; Sch1_Title 1 = Title 1 eligibility for the first school; 
Subsch_Title1 = Title 1 eligibility for subsequently attended schools; ----- = not 
applicable.
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Overall, the model for the intercept was similar for the CCMM-GCM and first 

school model. The overall intercept estimates and their respective standard errors were 

very similar across models. The estimate of the gender effect on the intercept was slightly 

larger for the CCMM-GCM than for the first school model, but the standard error 

estimate for this effect was nearly identical across models. Between-model differences 

were observed for the effect of the first school’s Title 1 eligibility on the intercept, with 

the CCMM-GCM yielding a larger effect estimate than the first school model. The 

standard error estimate for this effect also differed between models, with the CCMM-

GCM yielding a smaller standard error than the first school model. 

In general, the between-model differences in the model for the slope were greater 

than they were for the model for the intercept. The estimate of the overall slope differed 

between models with the CCMM-GCM giving a lower estimate than the first school 

model. Additionally, the standard error estimates for the overall slope differed 

substantially between models with the CCMM-GCM giving an estimate that was more 

than twice as large as the first school model estimate. The estimates of the gender effect 

on the slope were nearly identical between models, as were the standard error estimates 

for the effect. Estimates of the effect of school Title 1 eligibility on the slope differed 

substantially across models and the differences reflected the different parameterizations 

for the CCMM-GCM and first school modeling approaches. The CCMM-GCM estimated 

the effect of the first school’s Title 1 eligibility on the slope as well as the combined 

effect of the subsequently attended schools’ Title 1 eligibility on the slope. The first 

school model estimated only the effect of the first school’s Title 1 eligibility on the slope. 
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For the CCMM-GCM, the effect of the first school’s Title 1 eligibility on the slope was 

considerably smaller than for the first school model, although the respective standard 

error estimates did not differ substantially. For the CCMM-GCM, the estimate of the 

combined effect of the subsequently attended schools’ Title 1 status on the slope was 

considerably larger than the effect on the slope of the first school’s Title 1 eligibility. 

Conditional Random Effects

Table 7 contains the random effect estimates for the conditional CCMM-GCM 

and first school model. 
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Table 7

Random Effect Variance Estimates for Conditional Models
________________________________________________________________________

CCMM-GCM First School GCM
________________________________________________

Parameter Coefficient SE Coefficient SE
________________________________________________________________________

Level 1 variance between

Measures 28.690 0.103 28.685 0.103

Intercept variance between

Students 164.663 1.298 164.651 1.314

1st schools 19.170 2.031 18.938 2.012

Slope variance between

Students 0.666 0.019 0.668 0.018

1st schools 0.137 0.051 0.232 0.025

Subsequent Schools 0.098 0.055 ------- --------
________________________________________________________________________
Note. SE = standard error;  ----- = not applicable.

In general, the patterns in between-model differences in random effects for the 

conditional models were similar to those observed for the baseline models. Estimates of 

levels 1 variance were nearly identical for the conditional CCMM-GCM and first school 

model, as were the respective estimates of the standard errors. Estimates of the between-

student variance in the intercept and the between-school variance in the intercept were 

also similar for the baseline CCMM-GCM and first school model. Estimates of the 
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between-student variance in the slope were also nearly identical for the CCMM-GCM 

and first school model, as were the standard error estimates for the effect. Substantial 

between-model differences were observed in terms of the estimates of the between-

school variance in the slopes. These differences followed a pattern similar to that 

observed for the baseline model estimates. For the CCMM-GCM the between-first-

school variance in the slope was less than half of what it was under the first school

model, which did not estimate a between-subsequent-schools variance in the slope. For 

the CCMM-GCM, the between-subsequent-schools variance in the slope was nearly 

equivalent to the between-model difference in the estimate of the between-first-school 

variance. This pattern again suggested that, for the first school model, between-

subsequent-schools variance in the slope was incorporated into the estimate of the 

between-first-school variance in the slope. Standard error estimates for the between-first-

school variance in the slope also differed between models, with the CCMM-GCM 

yielding a considerably larger standard error than the first school model. 

Fit Index

Table 8 contains the DIC values for the baseline and conditional CCMM-GCMs 

and first school models. 
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Table 8

Deviance Information Criterion Values for Baseline and Conditional Models
________________________________________________________________________

CCMM-GCM First School GCM
________________________________________________

Model DIC DIC
________________________________________________________________________

Baseline 1,450,642.6 1,450,567.9

    Conditional 1,450,642.1 1,450,624.5
________________________________________________________________________
Note. DIC = deviance information criterion.

The DIC values for the CCMM-GCM were higher than those for the first school 

model, and this was true both for the baseline and conditional versions of the models. 

Furthermore, the difference in DIC value was greater than seven for both the baseline and 

conditional models, indicating that, for these data, the first school models should be 

considered ahead of the CCMM-GCMs. For the first school model, the DIC for the 

conditional model was actually larger than the DIC for the baseline model. 

Study 2

The following section summarizes the results of the simulation study conducted in 

Study 2.

Baseline Fixed Effects 
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The following section summarizes the results in terms of fixed effects for the 

baseline CCMM-GCM and baseline first school models across the eight unique data 

conditions evaluated in the current study. Table 9 outlines the data conditions. 

Table 9

Data Conditions for the Simulated Data Analysis in Study 2

________________________________________________________________________

Condition Mobility Rate School Size Measurements

________________________________________________________________________

1 10 20 3

2 10 20 5

3 10 40 3

4 10 40 5

5 20 20 3

6 20 20 5

7 20 40 3

8 20 40 5

________________________________________________________________________

Note. Mobility rate = percentage of mobile students;  School size = average school size;  

Measurements = number of measurement occasions. 

Intercept.  Table 10 gives descriptive statistics and relative bias for the intercept 

estimates for the CCMM-GCM and first school model across the eight unique data 

conditions. The eight data conditions are identified by number (refer to table 9 for a

description of the study conditions).  
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Table 10

Descriptive Statistics and Relative Bias for the Intercept for Baseline Models
________________________________________________________________________

CCMM-GCM First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 799.98 1.99 -0.0000 799.75 1.98 -0.0003

2 800.37 1.95 -0.0005 799.98 1.96 -0.0003

3 800.23 1.97 0.0003 799.42 1.97 -0.0007

4 800.07 1.96 -0.0000 799.45 1.96 -0.0007

5 799.96 1.99 -0.0005 799.75 1.98 -0.0003

6 800.36 1.95 0.0005 799.98 1.96 0.0002

7 800.26 1.97 0.0001 799.45 1.96 -0.0007

8 800.08 1.96 0.0001 799.45 1.96 -0.0007
________________________________________________________________________
Note. SD = standard deviation.

According to Hoogland and Boomsma (1998) a relative parameter bias value 

greater than .05 indicates substantial bias. By this criterion, neither the CCMM-GCM nor 

first school model yielded biased intercept estimates under any of the data conditions. 

Slope.  Table 11 gives descriptive statistics and relative bias for the slope 

estimates for the baseline CCMM-GCM and first school model across the eight unique 

data conditions.
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Table 11

Descriptive Statistics and Relative Bias for the Slope for Baseline Models
________________________________________________________________________

CCMM-GCM First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 79.84 0.95 -0.0016 79.85 0.95 -0.0019

2 80.05 0.97 0.0006 80.00 0.98 0.0000

3 80.15 0.84 0.0019 79.99 0.83 -0.0001

4 80.13 0.92 0.0016 80.02 0.92 0.0002

5 79.99 0.95 -0.0015 79.85 0.95 -0.0019

6 80.05 0.96 0.0006 80.01 0.98 0.0001

7 80.15 0.84 0.0018 79.99 0.84 -0.0001

8 80.12 0.92 0.0015 80.02 0.93 0.0002
________________________________________________________________________
Note. SD = standard deviation.

As with the intercept, neither the baseline CCMM-GCM nor first school model

yielded biased slope estimates under any of the data conditions.

Baseline Random Effects

The following section summarizes the results in terms of random effects for the 

baseline CCMM-GCM and baseline first school models.
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Level one variance.  Table 12 gives descriptive statistics and relative bias for the 

level one variance estimates for the CCMMGCM and first school model across the eight

unique data conditions.  

Table 12

Descriptive Statistics and Relative Bias for Level One Variance Estimates 
________________________________________________________________________

CCMM-GCM        First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 120.65 5.46 -0.0054 120.76 5.47 0.0063

2 120.48 3.11 0.0040 120.50 3.11 0.0041

3 120.33 3.54 0.0028 120.45 3.56 0.0037

4 120.23 1.96 0.0019 120.28 1.97 0.0023

5 120.64 5.46 0.0053 120.74 5.46 0.0061

6 120.48 3.11 0.0040 120.50 3.11 0.0042

7 120.36 3.54 0.0030 120.45 3.56 0.0038

8 120.23 1.97 0.0019 120.28 1.97 0.0023
________________________________________________________________________
Note. SD = standard deviation.

Neither the baseline CCMM-GCM nor first school model yielded substantially 

biased level one variance estimates under any of the data conditions.
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Between-student variance in the intercept. Table 13 gives descriptive statistics 

and relative bias for the estimates of the between-student variance in the intercept for the 

CCMM-GCM and first school model across the eight unique data conditions.  

Table 13

Descriptive Statistics and Relative Bias for Between-Student Variance in the Intercept
________________________________________________________________________

CCMM-GCM First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 200.58 13.13 0.0029 200.53 13.145 0.0027

2 200.74 12.68 0.0037 201.04 12.73 0.0052

3 200.94 8.87 0.0047 201.05 8.88 0.0053

4 201.49 7.72 0.0075 201.72 7.72 0.0086

5 200.61 13.21 0.0031 200.59 13.33 0.0030

6 200.69 12.72 0.0035 201.04 12.79 0.0052

7 200.84 8.93 0.0042 201.04 8.91 0.0052

8 201.51 7.76 0.0076 201.72 7.81 0.0086
________________________________________________________________________
Note. SD = standard deviation.

Neither the baseline CCMM-GCM nor first school model yielded substantially 

biased level estimates of between-student variance in the intercept under any of the data 

conditions.
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Between-student variance in the slope.  Table 14 gives descriptive statistics and 

relative bias for the estimates of the between-student variance in the slope for the 

CCMM-GCM and first school model across the eight unique data conditions. 

Table 14

Descriptive Statistics and Relative Bias for Between-Student Variance in the Slope
________________________________________________________________________

   CCMM-GCM          First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 59.56 6.70 -0.0074 60.52 6.75 0.0087

2 60.83 3.52 0.0139 61.98 3.46 0.0330

3 60.45 4.72 0.0075 61.31 4.68 0.0218

4 60.30 2.65 0.0050 61.57 2.58 0.0262

5 59.65 6.72 -0.0058 61.76 6.85 0.0292

6 60.76 3.56 0.0127 63.29 3.63 0.0549

7 60.27 4.76 0.0045 62.51 4.77 0.0419

8 60.18 2.66 0.0031 62.97 2.64 0.0495
________________________________________________________________________
Note. SD = standard deviation. Highlighted relative parameter bias value exceeds 

Hoogland and Boomsma’s (1998) criteria for substantial bias.
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No estimates of the between-student variance in the slope obtained from the 

CCMM-GCM reached Hoogland and Boomsma’s (1998) criterion for substantial 

parameter bias. The first school model, however, did produce a positively biased estimate 

when the mobility rate was 20%, the school size was 20, and the number of measurement 

occasions was five. 

Between-school variance in the intercept. Table 15 gives descriptive statistics and 

relative bias for the estimates of the between-school variance in the intercept for the 

CCMM-GCM and first school model across the eight unique data conditions. 
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Table 15

Descriptive Statistics and Relative Bias for Between-School Variance in the Intercept
________________________________________________________________________

CCMM-GCM          First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 20.93 4.40 0.0464 20.80 4.37 0.0399

2 21.37 4.89 0.0683 21.31 4.85 0.0653

3 20.34 4.19 0.0169 20.29 4.16 0.0146

4 21.63 4.24 0.0816 21.58 4.23 0.0792

5 20.93 4.40 0.0464 20.79 4.37 0.0398

6 21.37 4.89 0.0684 21.31 4.85 0.0653

7 20.32 4.19 0.0158 20.29 4.16 0.0145

8 21.62 4.23 0.0811 21.58 4.23 0.0790
________________________________________________________________________
Note. SD = standard deviation. Highlighted relative parameter bias value exceeds 

Hoogland and Boomsma’s (1998) criteria for substantial bias.

In general, bias was greatest for both the CCMM-GCM and first school model 

when the number of measurement occasions was five. The CCMM-GCM and first school

models yielded consistently biased estimates under these conditions. When the number of 

measurement occasions was three, neither the CCMM-GCM nor the first school model 

produced substantially biased estimates of the between-school variance in the intercept. 
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Between-first-school variance in the slope. Table 16 gives descriptive statistics 

and relative bias for the estimates of the between-first-school variance in the slope for the 

CCMM-GCM and first school model across the eight unique data conditions. 

Table 16

Descriptive Statistics and Relative Bias for Between-First-School Variance in the Slope
________________________________________________________________________

CCMM-GCM                      First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 21.98 13.94 0.0969 40.52 8.45 1.0226

2 22.29 12.46 0.1146 39.90 10.04 0.9951

3 25.21 12.09 0.2604 40.38 7.58 1.0191

4 20.17 8.68 0.0085 39.05 8.87 0.9525

5 22.19 11.04 0.1098 38.43 8.11 0.9217

6 21.81 8.75 0.0904 37.89 9.47 0.8944

7 22.96 7.95 0.1480 38.47 7.32 0.9233

8 19.96 6.37 -0.0022 36.97 8.45 0.8486
________________________________________________________________________
Note. SD = standard deviation. . Highlighted relative parameter bias value exceeds 

Hoogland and Boomsma’s (1998) criteria for substantial bias.

Both the CCMM-GCM and first school model yielded positively biased estimates 

of the between-first-school variance in the slope for at least some conditions. The
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CCMM-GCM yielded positively biased estimates of the between-first-school variance in 

the slope for six of the eight data conditions with the bias ranging in value from .09 to 

.26. The first school model yielded considerably more positively biased estimates of the 

between-first-school variance in the slope for each of the eight data conditions, with bias 

ranging in value from .85 to 1.02. 

Between-subsequent-school variance in the slope.  Table 17 gives descriptive 

statistics and relative bias for the estimates of the between-subsequent-school variance in 

the slope for the CCMM-GCM across the eight unique data conditions. The between-

subsequent-school variance in the slope was not estimated for the first school model.  
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Table 17

Descriptive Statistics and Relative Bias for Between-Subsequent-

School Variance in the Slope
________________________________________________

CCMM-GCM               
________________________________

Condition Mean SD Bias
________________________________________________

1 20.36 14.12 0.0179

2 19.86 14.05 -0.0072

3 16.79 12.02 -0.1603

4 20.57 9.59 0.0284

5 19.94 11.71 -0.0033

6 20.56 10.98 0.0281

7 19.04 7.83 -0.0479

8 21.47 7.28 0.0735
_________________________________________________

Note. SD = standard deviation;  Highlighted relative parameter 

bias value exceeds Hoogland and Boomsma’s (1998) criteria for 

substantial bias: This parameter is not estimated for the first school

model.

The CCMM-GCM yielded substantially biased estimates of the between-

subsequent-school variance in the slope for two of the eight data conditions. These 

estimates were negatively biased when the mobility rate was 10%, the school size was 40 
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and the number of measurement occasions was three. The estimates were positively 

biased when the mobility rate was 20%, the school size was 40 and the number of 

measurement occasions was five. As mentioned previously, the between-subsequent-

school variance in the slope was not estimated for the first school model. 

Baseline Fit Index

Model fit was evaluated with the DIC. The means and standard deviations of the 

DICs and the proportions of correct model identification for the baseline CCMM-GCM 

and first school model for the eight unique data conditions are given in table 18.
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Table 18

Descriptive Statistics for DIC Values and Proportion of Correct Model Identification
________________________________________________________________________

CCMM-GCM First School GCM
_______________________________________________________

Condition Mean SD Mean SD Proportion Correct
________________________________________________________________________

1 22,886 136.76 22,889 136.74 .45

2 38,143 129.02 38,143 128.79 .45

3 45,765 177.12 45,769 177.92 .75

4 76,271 164.21 76,272 164.00 .70

5 22,886 136.77 22,888 136.71 .65

6 38,144 128.96 38,143 128.63 .38

7 45,766 176.79 45,769 177.58 .58

8 76,271 164.13 76,272 163.94 .64
________________________________________________________________________
Note. SD = standard deviation.

Overall, the DIC had difficulty identifying the correct baseline model, although 

the proportion of correct model identification seemed to be highest when the mean 

schools size was 40 rather than 20. The proportion of correct model identification was 

less than .50 for two of the eight data conditions. 

Conditional Fixed Effects 

The following section summarizes the results in terms of fixed effects for the 

conditional CCMM-GCM and first school models.
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Intercept.  Table 19 gives descriptive statistics and relative bias for the intercept 

estimates for the conditional CCMM-GCM and first school models across the eight

unique data conditions. The 8 data conditions are identified by number (refer to table 9

for a detailed description of the study conditions).  

Table 19

Descriptive Statistics and Relative Bias for the Intercept
________________________________________________________________________

CCMM-GCM                     First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 800.16 2.65 0.0002 800.54 2.61 0.0007

2 799.76 2.42 -0.0003 800.48 2.46 0.0006

3 800.17 2.73 0.0002 800.54 2.71 0.0007

4 800.21 2.69 0.0003 800.53 2.71 0.0007

5 800.18 2.65 0.0002 800.54 2.61 0.0007

6 799.77 2.43 -0.0003 800.48 2.46 0.0006

7 800.19 2.73 0.0002 800.54 2.71 0.0007

8 800.14 2.76 0.0002 799.56 2.80 -0.0006
________________________________________________________________________
Note. SD = standard deviation.

As with the baseline models, Hoogland and Boomsma’s (1998) relative parameter 

bias criterion value of .05 was used to identify substantial bias for the conditional 
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CCMM-GCM and first school model. Under this criterion, neither the conditional 

CCMM-GCM nor the conditional first school model yielded substantially biased 

estimates of the intercept for any of the eight data conditions. 

Slope.  Table 20 gives descriptive statistics and relative bias for the slope 

estimates for the conditional CCMM-GCM and first school models across the eight

unique data conditions. 

Table 20

Descriptive Statistics and Relative Bias for the Slope
________________________________________________________________________

CCMM-GCM                     First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 79.91 1.21 -0.0011 80.16 1.21 0.0020

2 79.99 1.05 -0.0002 80.52 1.04 0.0065

3 80.20 1.17 0.0025 80.42 1.16 0.0052

4 80.10 1.19 0.0012 80.39 1.17 0.0049

5 79.92 1.21 -0.0011 80.29 1.21 0.0036

6 80.02 1.06 0.0003 80.63 1.04 0.0079

7 80.20 1.17 0.0025 80.53 1.16 0.0067

8 79.85 1.22 -0.0019 80.11 1.19 0.0014
________________________________________________________________________
Note. SD = standard deviation.
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As with the intercept, neither the conditional CCMM-GCM nor the conditional 

first school model yielded biased slope estimates under any of the data conditions. 

Level 2 predictor (X) for the intercept. Table 21 gives descriptive statistics and 

relative bias for the estimates of the level two predictor X on the intercept for the 

conditional CCMM-GCM and first school models across the eight unique data 

conditions. 

Table 21

Descriptive Statistics and Relative Bias for the Level 2 Predictor (X) for the Intercept
________________________________________________________________________

CCMM-GCM                     First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 -20.03 0.59 0.0013 -20.00 0.59 0.0002

2 -19.95 0.58 -0.0025 -19.92 0.58 -0.0039

3 -20.09 0.41 0.0048 -20.09 0.41 0.0043

4 -20.05 0.46 0.0022 -20.00 0.41 0.0000

5 -20.03 0.59 0.0013 -20.00 0.59 0.0002

6 -19.95 0.57 -0.0025 -19.92 0.58 -0.0039

7 -20.10 0.41 0.0048 -20.09 0.41 0.0043

8 -20.07 0.34 0.0035 -20.06 0.34 0.0029
________________________________________________________________________
Note. SD = standard deviation
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Neither the conditional CCMM-GCM nor the conditional first school model 

yielded substantially biased estimates for the level 2 predictor X on the intercept under 

any of the data conditions.

Level two predictor (X) for the slope. Table 22 gives descriptive statistics and 

relative bias of the estimates of the effect of the level two predictor X on the slope for the 

conditional CCMM-GCM and first school models across the eight unique data 

conditions. 

Table 22

Descriptive Statistics and Relative Bias for the Level 2 Predictor (X) for the Slope
________________________________________________________________________

CCMM-GCM                     First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 -4.00 0.32 0.0002 -3.99 0.31 -0.0017

2 -4.02 0.24 0.0055 -4.01 0.25 0.0026

3 -4.02 0.26 0.0049 -4.02 0.26 0.0039

4 -4.01 0.26 0.0023 -4.01 0.27 0.0014

5 -4.00 0.31 0.0005 -3.99 0.31 -0.0019

6 -4.02 0.24 0.0045 -4.01 0.25 0.0015

7 -4.02 0.26 0.0059 -4.02 0.26 0.0049

8 -3.99 0.17 -0.0024 -3.99 0.16 -0.0020
________________________________________________________________________
Note. SD = standard deviation.
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Neither the conditional CCMM-GCM nor the conditional first school model 

yielded substantially biased estimates of the effect of the level two predictor X on the 

slope, under any of the data conditions.

Level three predictor (Z) for the intercept.  Table 23 gives descriptive statistics 

and relative bias for the estimates of the effect of the level three predictor Z on the 

intercept for the conditional CCMM-GCM and first school models, across the eight

unique data conditions. 

Table 23

Descriptive Statistics and Relative Bias for the Level 3 Predictor (Z) for the Intercept
________________________________________________________________________

CCMM-GCM                   First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 -19.74 2.39 -0.0129 -19.34 2.34 -0.0329

2 -20.60 2.27 0.0299 -20.11 2.33 0.0053

3 -19.57 2.64 -0.0217 -19.02 2.64 -0.0491

4 -19.65 2.51 -0.0173 -19.22 2.54 -0.0392

5 -19.71 2.39 -0.0145 -19.34 2.34 -0.0329

6 -20.56 2.28 0.0279 -20.11 2.33 0.0053

7 -19.55 2.64 -0.0226 -19.02 2.64 -0.0491

8 -20.17 2.71 0.0085 -20.43 2.73 0.0214
________________________________________________________________________
Note. SD = standard deviation.
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Neither the conditional CCMM-GCM nor the conditional first school model 

yielded substantially biased estimates of the effect of the level three predictor Z on the 

intercept under any of the data conditions.

Level three predictor (Zj1) for the slope. Table 24 gives descriptive statistics and 

relative bias for the estimates of the effect of the level three predictor Zj1 on the slope for 

the conditional CCMM-GCM and first school models across the eight unique data 

conditions. 
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Table 24

Descriptive Statistics and Relative Bias for the Level 3 Predictor (Zj1) for the Slope
________________________________________________________________________

CCMM-GCM                     First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 -3.94 2.16 -0.0146 -7.62 1.16 0.9059

2 -3.88 1.52 -0.0299 -7.45 0.98 0.8620

3 -3.93 1.43 -0.0175 -7.44 1.07 0.8609

4 -3.89 1.57 -0.0275 -7.43 1.09 0.8579

5 -3.85 1.69 -0.0375 -7.42 1.14 0.8559

6 -3.99 1.06 -0.0019 -7.25 0.95 0.8131

7 -3.94 1.22 -0.0143 -7.25 1.05 0.8129

8 -4.05 1.07 0.0117 -7.64 1.22 0.9101
________________________________________________________________________
Note. SD = standard deviation. Highlighted relative parameter bias value exceeds 

Hoogland and Boomsma’s (1998) criteria for substantial bias.

The CCMM-GCM yielded no substantially biased estimates of the effect of the 

level three predictor Zj1 on the slope for any of the eight data conditions. The first school

model, however, yielded consistently and substantially positively biased estimates for 

each of the eight data conditions. For the first school model estimates, bias ranged from 

.81 to .91. 
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Level three predictor (Zj2) for the slope. Table 25 gives descriptive statistics and 

relative bias for the estimates of the effect of the level three predictor Zj2 on the slope for 

the conditional CCMM-GCM across the eight unique data conditions. The effect of the 

level three predictor Zj2 on the slope was not estimated for the first school model.  

Table 25

Descriptive Statistics and Relative Bias for the Level 3 Predictor 

(Zj2) for the Slope
________________________________________________

CCMM-GCM                
_______________________________

Condition Mean SD Bias
_______________________________________________

1 -4.03 2.10 0.0068

2 -4.16 1.67 0.0396

3 -4.08 1.47 0.0206

4 -4.09 1.59 0.0225

5 -4.12 1.73 0.0290

6 -4.01 1.24 0.0031

7 -4.06 1.26 0.0148

8 -4.12 1.22 0.0299
_________________________________________________
Note. SD = standard deviation;  This parameter was not estimated 
for the first-school model.
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The conditional CCMM-GCM yielded no substantially biased estimates of the 

effect of the level three predictor Zj2 on the slope for any of the eight data conditions. As 

mentioned previously, this fixed effect was not estimated under the first school model. 

Conditional Random Effects

The following section summarizes the results in terms of random effects for the 

conditional CCMM-GCM and baseline first school models.

Level one variance.  Table 26 gives descriptive statistics and relative bias for the 

level one variance estimates for the conditional CCMM-GCM and first school models 

across the eight unique data conditions. 
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Table 26

Descriptive Statistics and Relative Bias for the Level One Variance
________________________________________________________________________

CCMM-GCM                     First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 120.44 5.47 0.0037 120.45 5.43 0.0037

2 120.38 3.12 0.0032 120.37 3.11 0.0031

3 120.48 3.56 0.0040 120.45 3.58 0.0038

4 120.98 4.21 0.0082 120.23 4.19 0.0019

5 120.41 5.46 0.0034 120.44 5.43 0.0037

6 120.39 3.12 0.0033 120.37 3.11 0.0031

7 120.48 3.55 0.0040 120.44 3.60 0.0037

8 120.27 1.97 0.0023 120.24 1.97 0.0020
________________________________________________________________________
Note. SD = standard deviation.

Neither the conditional CCMM-GCM nor the conditional first school model 

yielded substantially biased estimates of the level one variance under any of the data 

conditions.

Between-student variance in the intercept. Table 27 gives descriptive statistics 

and relative bias for the estimates of the between-student variance in the intercept for the 

conditional CCMM-GCM and first school models across the eight unique data 

conditions.  
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Table 27

Descriptive Statistics and Relative Bias for the Between-Student Variance in the Intercept
________________________________________________________________________

CCMM-GCM                     First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 200.19 13.20 0.0009 200.49 13.21 0.0025

2 200.66 12.67 0.0033 201.18 12.70 0.0059

3 200.87 8.86 0.0044 200.98 8.86 0.0049

4 200.76 9.98 0.0038 200.89 10.98 0.0045

5 200.27 13.40 0.0014 200.53 13.44 0.0027

6 200.63 12.71 0.0032 201.19 12.79 0.0060

7 200.87 8.89 0.0044 201.00 8.89 0.0050

8 201.72 7.74 0.0086 201.41 7.76 0.0071
________________________________________________________________________
Note. SD = standard deviation

Neither the conditional CCMM-GCM nor first school model yielded substantially 

biased estimates of between-student variance in the intercept under any of the data 

conditions.

Between-student variance in the slope.  Table 28 gives descriptive statistics and 

relative bias for the estimates of the between-student variance in the slope for the 

conditional CCMM-GCM and first school model across the eight unique conditions.  
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Table 28

Descriptive Statistics and Relative Bias for the Between-Student Variance in the Slope
________________________________________________________________________

CCMM-GCM                     First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 60.99 6.74 0.0165 61.92 6.68 0.0321

2 60.76 3.51 0.0127 62.81 3.53 0.0468

3 61.34 4.66 0.0223 62.14 4.74 0.0357

4 61.34 5.37 0.0223 62.97 5.87 0.0496

5 62.31 6.86 0.0385 63.94 6.73 0.0657

6 60.74 3.57 0.0123 64.72 3.80 0.0787

7 62.64 4.77 0.0439 64.16 4.80 0.0693

8 60.12 2.66 0.0021 64.38 2.75 0.0729
________________________________________________________________________
Note. SD = standard deviation. Highlighted relative parameter bias value exceeds 

Hoogland and Boomsma’s (1998) criteria for substantial bias.

No estimates of the between-student variance in the slope obtained from the 

CCMM-GCM reached Hoogland and Boomsma’s (1998) criterion for substantial 

parameter bias. The first school model, however, did produce positively biased estimates 

for some conditions. For the first school model, this positive bias occurred for conditions 

where the mobility rate was 20%, with bias ranging from .066 to .079 for these 

conditions. 
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Between-school variance in the intercept. Table 29 gives descriptive statistics and 

relative bias for the estimates of the between-school variance in the intercept for the 

conditional CCMM-GCM and first school models across the eight data conditions.

Table 29

Descriptive Statistics and Relative Bias for the Between-School Variance in the Intercept
________________________________________________________________________

CCMM-GCM                      First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 20.77 4.45 0.0384 20.74 4.43 0.0370

2 21.32 4.85 0.0658 21.25 4.87 0.0624

3 20.25 3.99 0.0124 20.26 3.99 0.0181

4 20.94 4.07 0.0469 20.28 4.15 0.0138

5 20.76 4.44 0.0379 20.74 4.43 0.0369

6 21.31 4.85 0.0653 21.25 4.87 0.0623

7 20.24 3.98 0.0121 20.36 3.99 0.0181

8 21.29 4.29 0.0843 21.79 4.31 0.0894
________________________________________________________________________
Note. SD = standard deviation. Highlighted relative parameter bias value exceeds 

Hoogland and Boomsma’s (1998) criteria for substantial bias.

Both the conditional CCMM-GCM and first school model yielded positively 

biased estimates of the between-school variance in the intercept for some conditions. This 
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bias was only substantial for the CCMM-GCM and first school model when the number 

of measurement occasions was five as opposed to three. The CCMM-GCM and first 

school models yielded positively biased estimates for three of the four conditions in 

which the number of measurement occasions was five. When the number of measurement 

occasions was three, neither the conditional CCMM-GCM nor the conditional first school

model produced substantially biased estimates of the between-school variance in the 

intercept. 

Between-first-school variance in the slope. Table 30 gives descriptive statistics 

and relative bias for the estimates of the between-first-school variance in the slope for the 

conditional CCMM-GCM and first school model across the eight data conditions.
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Table 30

Descriptive Statistics and Relative Bias for the Between-First-School Variance in the 

Slope
________________________________________________________________________

CCMM-GCM                      First School GCM
_______________________________________________________

Condition Mean SD Bias Mean SD Bias
________________________________________________________________________

1 23.56 9.99 0.1778 42.03 9.03 1.1016

2 20.98 10.70 0.0490 39.72 10.13 0.9862

3 15.56 11.65 -0.2219 42.62 8.15 1.1312

4 20.42 10.98 0.0209 41.01 9.13 1.0505

5 22.54 9.37 0.1269 39.86 8.64 0.9928

6 21.58 8.04 0.0789 37.68 9.58 0.8842

7 15.22 11.12 -0.2393 40.50 7.85 1.0252

8 20.42 6.42 0.0212 37.42 8.64 0.8710
________________________________________________________________________
Note. SD = standard deviation. Highlighted relative parameter bias value exceeds 

Hoogland and Boomsma’s (1998) criteria for substantial bias.

The conditional CCMM-GCM yielded biased estimates of the between-first-

school variance in the slope for five of the eight data conditions. Both positive and 

negative bias was observed, ranging from -24 to .18. Some bias (either positive or 

negative) was observed for all conditions in which the number of measurement occasions 

was three. The conditional first school model also yielded positively biased estimates of 
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the between-first-school variance in the slope for each of the eight data conditions, with 

larger magnitudes of bias ranging in value from .87 to 1.13.

Between-subsequent-school variance in the slope.  Table 31 gives descriptive 

statistics and relative bias for the estimates of the between-subsequent-school variance in 

the slope for the conditional CCMM-GCM across the eight data conditions. The between-

subsequent-school variance in the slope was not estimated for the first school model.
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Table 31

Descriptive Statistics and Relative Bias for the Between-

Subsequent-School Variance in the Slope
_______________________________________________

CCMM-GCM             
_______________________________

Condition Mean SD Bias             
________________________________________________

1 19.41 9.84 -0.0293           

2 22.09 13.09 0.1043

3 27.11 12.54 0.3556

4 22.91 10.31 0.1456

5 18.17 9.20 -0.0917

6 21.61 10.48 0.0803

7 25.33 11.79 0.2663

8 21.38 7.33 0.0689
_________________________________________________
Note. SD = standard deviation;  Highlighted relative parameter 

bias value exceeds Hoogland and Boomsma’s (1998) criteria for 

substantial bias; This parameter was not estimated for the first 

school model.

The conditional CCMM-GCM yielded substantially biased estimates of the 

between-subsequent-school variance in the slope for seven of the eight data conditions.

Positive bias was observed for six of those seven conditions. Negative bias was observed 
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when the mobility rate was 20%, the school size was 20 and the number of measurement 

occasions was 3. As mentioned previously, the between-subsequent-school variance in 

the slope was not estimated for the first school model. 

Conditional Fit Index

Model fit was evaluated with the DIC. The means and standard deviations of the 

DICs and the proportions of correct model identification for the baseline CCMM-GCM 

and first school model for the eight unique data conditions are given in table 32.

Table 32

Descriptive Statistics for DIC Values and Proportion of Correct Model Identification
________________________________________________________________________

CCMM-GCM First School GCM
_______________________________________________________

Condition Mean SD Mean SD Proportion Correct
________________________________________________________________________

1 22883 136.97 22883 136.17 .65

2 38141 129.22 38141 128.99 .38

3 45770 177.92 45769 178.66 .39

4 76271 164.21 76272 164.00 .70

5 22883 137.00 22882 136.06 .42

6 38142 129.20 38141 128.76 .35

7 45768 177.32 45768 179.09 .40

8 76272 163.99 76272 163.95 .45
________________________________________________________________________
Note. SD = standard deviation.
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Overall, the DIC had difficulty identifying the correct conditional model. In only 

two of the eight conditions was the proportion of correct model identification greater than 

.50. 
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Chapter 5: Discussion

The following section contains a discussion of the results of Study 1 and Study 2. 

It also contains a discussion of the limitations of the current study and suggestions for 

future research. It concludes with a discussion of the conclusions and educational 

importance of the study. 

Summary of Results

Study 1

Study 1 served as a means to investigate differences among parameter and 

standard error estimates obtained from a CCMM-GCM and a first school GCM when 

both models were applied to the same real dataset. The first school model ignored student 

mobility by assuming that all students in the real dataset attended only the first school 

they attended during the data collection period. Although less than 1% of the students in 

the real dataset analyzed in Study 1 were mobile students, some differences in parameter 

and standard error estimates were found between the CCMM-GCM and first school 

model. In terms of random effects, substantial between-model differences were observed 

for the between-school estimates of the variance in the slope and this held true for both 

baseline and conditional versions of the models. In large part, these between-model 

differences in random effects observed in Study 1 reflected the different ways in which 

the CCMM-GCM and first school model parameterized the between-school variance in 

the slope. The CCMM-GCM partitioned the between-school variance in the slope into 

that variance in the slope that was between initially attended schools (i.e. first schools) 

and that variance in the slope that was between subsequently attended schools ( i.e. 
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subsequent schools). The first school model estimated only the between-first-school 

variance in the slope. For both the baseline and conditional modeling condition, the 

between-first-school variance in the slope estimated under the CCMM-GCM was about 

half of what it was under the first school model, which did not estimate a between-

subsequent-schools variance in the slope. For the baseline and conditional models, the 

between-subsequent-schools variance in the slope (estimated only for the CCMM-GCM) 

was nearly equivalent to the between-model difference in the estimate of the between-

first-school variance in the slope. This pattern suggested that, for the first school model, 

between-subsequent-schools variance in the slope was incorporated into the estimate of 

the between-first-school variance in the slope. Effectively, the first school model 

modeled all between-school variance in the slope as existing between initially attended 

schools. Standard error estimates for the between-first-school variance in the slope also 

differed between models, with the CCMM-GCM yielding a larger standard error than the 

first school model. Interestingly, the results of Study 1 did not show the same pattern of 

redistribution of variance across levels of the data hierarchy that was observed in Grady 

and Beretvas (2010). Although between-school variance estimates generally differed 

across models, between-student variance estimates did not. 

In terms of fixed effects, between-model differences observed in Study 1 again 

reflected the different model parameterizations. The largest between-model differences 

were observed for estimates of the effect of school Title 1 eligibility on the slope. The 

CCMM-GCM estimated the effect of the first school’s Title 1 eligibility on the slope as 

well as the combined effect of the subsequently attended schools’ Title 1 eligibility on the 
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slope. The first school model estimated only the effect of the first school’s Title 1 

eligibility on the slope. For the CCMM-GCM, the effect of the first school’s Title 1 

eligibility on the slope was considerably smaller than for the first school model, although 

the respective standard error estimates did not differ substantially. For the CCMM-GCM, 

the estimate of the combined effect of the subsequently attended schools’ Title 1 status on 

the slope was considerably larger than the effect of the first school’s Title 1 eligibility on 

the slope. As with the estimates of the between-school variance in the slope, this pattern 

in between-model differences among fixed effects suggests that the for the first school

model, part of the effect of the subsequently attended schools’ Title 1 status on the slope 

may have been incorporated into the estimate of the effect of the initially attended 

school’s effect on the slope. 

Interestingly, the DIC values for the CCMM-GCM were higher than those for the 

first school model, and this was true both for the baseline and conditional versions of the 

models fit in Study 1. This finding conflicts with that of Grady and Beretvas (2010) who 

found the CCMM-GCM generally gave better fit than a first school alternative. 

Furthermore, the difference in DIC values was greater than seven for both the baseline 

and conditional models, indicating that, for these data, the first school should be favored 

over the CCMM-GCMs. This is a surprising result considering the fact that the real data 

analyzed in Study 1 contained mobile students. One explanation for this is that the 

percentage of mobile students in the dataset was very low. Therefore the increase in fit 

that resulted from modeling mobility via the CCMM-GCM may have been overwhelmed 
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by the fact that the DIC penalized the CCMM-GCM for complexity (i.e. its greater 

number of estimated parameters). 

Study 2

The purpose of Study 2 was to evaluate the reliability with which baseline and 

conditional versions of the CCMM-GCM and first school models could recover known 

parameters. In order to do so, a series of simulated datasets were generated under a series 

of data conditions, and the overall accuracy of fixed and random effects estimates were 

evaluated for baseline and conditional versions of CCMM-GCMs and first school 

models. These data conditions included varying levels of student mobility, differing 

average school sizes and differing numbers of measurement occasions.

In general, both the CCMM-GCM and first school model had difficulty estimating 

the level 3 (i.e. between-school) variance terms. Both modeling approaches yielded some 

biased estimates of these variances under at least some conditions. For instance, both the 

CCMM-GCM and first school model yielded positively biased estimates of the between-

school variance in the intercept. In some ways, the results of Study 2 mirrored the results 

from the real data analysis conducted in Study 1. Major differences in relative bias 

between the CCMM-GCM and first school models were observed for the estimates of the 

between-school variance in the slope. The baseline and conditional first school models 

produced positively biased estimates of between-first-school variance in slopes. This 

seemed to result from the fact that the first school models did not estimate the between-

subsequent-schools variance in the slope. For the first school models, the between-

subsequent-schools variance in the slope seemed to be reallocated into the estimate of the 
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between-first-school variance in the slope, resulting in the observed positive bias. Some 

substantially biased estimates of the between-first-school variance in the slope were also 

observed for the CCMM-GCM, though the degree of bias was not as great as for the first

school model. The results of Study 2 did not show the same dramatic redistribution of 

variance across levels of the data hierarchy that was observed in Luo and Kwok (2009). 

This may be due to the fact that, in the Luo and Kwok (2009) study, there was no 

secondary cross-classified factor at level k and thus the variance was redistributed to the 

k-1 level. In the current study, ignoring the second cross-classified factor (the set of 

subsequently attended schools) resulted in the redistribution of variance from the ignored 

factor to the first school factor. This pattern of variance redistribution is generally 

consistent with the results of Meyers and Beretvas (2006). 

Positively biased estimates of the effect on the slope of the school-level variable 

for the initially attended school (Zj1) were also observed for the first school model. This 

can be attributed to the fact that the first school model estimated only the effect on the 

slope of the school-level variable for the initially attended school (Zj1) and not the effect 

on the slope of the school-level variable for the subsequently attended schools (Zj2). It 

appears that, for the first school model, the effect on the slope of the school-level variable 

for the subsequently attended schools (Zj2) was incorporated into the estimate of the 

effect of on the slope of the school-level variable for the initially attended school (Zj1). 

This resulted in substantial positive bias. In terms of model fit, the proportions of correct 

model identification were lower than expected, indicating that the difference in fit 
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between the CCMM-GCM and first school model may not be substantial under the 

conditions evaluated in the current study. 

Limitations and Suggestions for Future Research

This study represents an initial exploration of the impact of ignoring student 

mobility when modeling growth in student achievement across time. There are a number 

of limitations to the current study. Some limitations stem from the small number of data 

conditions included in Study 2. For all simulated datasets in Study 2, the maximum 

number of schools attended by mobile students was fixed at two. In real datasets, 

however, some mobile students may have attended more than two schools, and this may 

be particularly true when data collection occurs over an extended time period. It is 

unknown how such differences would affect the results observed in the current study. 

Future research should investigate these potential differences by including instances in 

which students attend more than two schools. Furthermore, the current study included 

mobility rates of 20% and 40% but real datasets may contain lower, or in some cases, 

higher mobility rates. Although the mobility rates chosen here were thought to represent 

realistic percentages, future studies should include additional rates and school 

membership patterns. 

A second limitation of the current study is that the generating parameters used in 

Study 2 were informed by the results of relatively few studies. This is because only one 

previously conducted study has applied a CCMM-GCM to real educational data. 

Although generating values used in Study 2 were also based on the results of studies that 

applied traditional three-level growth curve models to educational data, future studies 
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should include a broader range of generating values. It is important that known 

parameters are realistic so that the results of the simulations can be generalized to real 

data scenarios. It is also important to note that in Study 2, several of the parameters were 

estimated with substantial bias under both modeling approaches. Complex models, such 

as the ones fit in the current study, may stress the limits of available estimation 

techniques, including MCMC methods. Future research should investigate the degree to 

which estimation error plays a part in relative parameter bias. 

A third limitation of the current study is that the real dataset analyzed in Study 1 

contained a very low proportion of mobile students. In this sense it may represent a “best 

case scenario” in terms of between-model differences in parameter estimates. The 

application of these growth curve models to real datasets with greater percentages of 

mobile students may yield more pronounced between-model differences among the 

parameter estimates. Overall the results of the real data analysis from Study 1 should be 

interpreted with caution, as they may not apply to datasets with greater numbers of 

mobile students. Accordingly, future studies of this nature should include datasets that 

contain greater percentages of mobile students. 

Another limitation of Study 1 is that the accuracy of the weights assigned to the 

school-level residuals are limited by the extent to which students’ school attendance 

patterns could be reliably tracked during the data collection period. It is possible that 

some students made undocumented schools changes. If these school changes are not 

apparent in the dataset, the weights assigned to school-level residuals may be inaccurate 

and this will ultimately reduce the accuracy of parameter estimates. The results of Study 
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1 may also be limited by model misspecification, which would occur if important 

covariates were not included in the model.  

It is also important to consider that the CCMM-GCM evaluated in the current 

study is designed for instances in which the initial time point (i.e. the time at initial 

status) is coded with a zero and therefore the intercept represents an outcome at the 

initial measurement occasion. Alternative time-coding schemes will require a different 

approach to modeling growth in the presence of student mobility. Future studies should 

explore the possibility of using such alternative time-coding schemes and how this would 

affect the model parameterization. 

A final limitation of the current study has to do with the performance of the DIC. 

It is unclear why the DIC was unable to identify the correct model in a greater proportion 

of conditions in Study 2. Future studies should evaluate the utility of the DIC under 

additional data conditions, as it may be influenced by the parameter values. 

Conclusions and Educational Importance of the Study

The current study sought to investigate the impact of ignoring multiple school 

membership when using three-level growth curve models to represent student 

achievement across time. Ultimately, the results of the current study suggest that ignoring 

students’ subsequent school memberships may lead to inaccurate conclusions about the 

nature of between-school variance in achievement slopes. This is important to the extent 

to which it leads to inaccurate conclusions about schools’ effects on student achievement 

slopes. When subsequent school membership is ignored (as it is for the first school 

modeling approach) variability in achievement slopes that is between schools will be 
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modeled as existing between initially attended schools only. Under this approach, a 

student’s achievement slope will be modeled as having been affected only by the first 

school the student attended and this will be reflected in the initially attended schools’

“school effect” estimates. Calculating school effects in this way could be misleading 

when a student’s achievement slope is, in reality, influenced by subsequently attended 

schools as well. If “school effect” estimates are used to evaluate schools’ effectiveness, it 

is important that they are calculated accurately. If a mobile student has a particularly flat 

achievement slope, it is unfair that that student’s performance be attributed only to the 

first school he or she attended. Such an attribution will unfairly disadvantage that initially 

attended school. If educational policymakers reward and punish schools based on the 

“effect” that they have on their students, it is important that these school effects be 

estimated accurately. The results of the current study suggest that school effects may 

prove difficult to estimate, and care should be taken attempts are made to evaluate 

schools based on such effect estimates. More research on the estimation of school effects 

should be conducted as their use has potentially important consequences for schools, 

teachers and students. Overall, it seems that incorporating student mobility into 

achievement growth modeling, researchers will be better able to estimate schools effects. 

Accordingly, researchers should consider the potential impact of student mobility on 

fixed and random effect estimates and continue to explore possibilities for incorporating 

student mobility into achievement growth modeling. 
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