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Value-added modeling is an alternative approach to test-based accountability
systems based on the proportions of students scoring at or above pre-determined
proficiency levels. Value-added modeling techniques provide opportunities to estimate an
individual teacher’s effect on student learning, while allowing for the possibility to
control for the effect of non-educational factors beyond a school system’s control, such as
socioeconomic status. However, numerous considerations exist when using value-added
models to estimate teacher effects and defining what the feacher effects really describe.

Chapter 2 provides an introduction to value-added methodology by describing
several value-added models available for estimating teacher effects and their respective
advantages and disadvantages. Modeling variations and their impact on estimated teacher
effects are also discussed in addition to the various statistical and psychometric issues
associated with estimating value-added teacher effects.

Because value-added analyses require high-quality longitudinal data that are often
not available, Chapters 3 and 4 propose methodology for analyzing less-than-ideal
assessment data. Chapter 3 proposes value-added methodology for analyzing longitudinal

student achievement data not on a single developmental scale and addresses issues arising



when using a layered, longitudinal mixed model to analyze gains in standardized scores.
The chapter also discusses methods for estimating teacher effects on student learning
before and after entering professional development programs and applies these methods
of analysis to achievement data.

Chapter 4 describes the use of curve-of-factors methodology to analyze
longitudinal achievement data collected from two differently scaled assessments in a
single year and subject, such as mathematics. Assuming data come from a curve-of-
factors model structure, a simulation study evaluates the performance of the proposed
curve-of-factors model in its ability to accurately rank teachers in the presence of either
complete or missing test data and compares it to the performance of the Z-score

methodology proposed in Chapter 3.



Copyright 2010, Jennifer L. Green

v



ACKNOWLEDGEMENTS

I am grateful for all of the guidance and encouragement my advisor, Dr. Erin
Blankenship, has provided me throughout this whole process. Without her support and
unending patience, this dissertation would not have reached its full potential. I also thank
my other committee members, Dr. Walt Stroup, Dr. Steve Kachman, Dr. Ruth Heaton
and Dr. Jim Bovaird, for their help and support throughout my academic program. I am
eternally grateful for my committee’s willingness to spend countless hours answering
questions and helping me solve the seemingly unsolvable. In addition, I thank Dr. Jim
Lewis for all of the support and guidance he has provided over the past three years. I
appreciate the faculty’s sincere enthusiasm for my research and their investment in my
education and my future. I especially thank Joe, Brianna, my parents, my family and my
friends for their patience, support, understanding and encouragement during this time.
Without you, this dissertation could not have been written. To all: thank you for believing

in me when I needed it the most.



vi
GRANT INFORMATION

This research is supported by the Math in the Middle Institute Partnership. The
Math in the Middle Institute Partnership is funded by a Math-Science Partnership grant
from the National Science Foundation (NSF MSP Grant #EHR-0142502). Any opinions,
findings and conclusions or recommendations expressed in this material are those of the

author and do not necessarily reflect the views of the National Science Foundation.



Vil

TABLE OF CONTENTS
1 INErOAUCHION . cccicuericinricrnricieneisneessnnesssseessssecssssessssesssssesssssesssssssssssesssssssssssssssasssssnsses 1
1.1 Value-Added Models for Estimating Teacher Effects...........cccccoevvieiiieniieneenen. 2
1.2 Estimating the Impact of a Professional Development Program on Student
LCAININE. ...eiieiieeiiie ettt ettt ee e et e e et e e et eeesaeeesbeeessaeeessseeensaeennneeenn 2
1.3 Using Parallel Processing Methodology to Estimate Teacher Effects ............... 3
2 Value-Added Models for Estimating Teacher Effects..........cccecvererveicrvneccscencsssnncsnns 5
2.1 INErOAUCTION. ...ttt ettt e eaeeas 5
2.2 Value-Added MOdEIS.......ccc.oiiiiiiiiiieiieeeeeetie e 7
2.2.1 Covariate Adjustment ModelS ..........cceevuiiiriiiiniieiiie e 7
2.2.2 Gain ScOre MOMEIS ......eeuiiiieieiiceieee ettt 8
2.2.3 Multivariate MOdEIS........cccuieiiieiiieiieienie ittt et 9
2.2.3.1 Cross-Classified Models ...........ccoiirieriniieiereeeeeeeee e 10
2232 EVAAS MOMCL...c.oiiiiiiiiiiiiciiinieic ittt 12
2.2.3.3 Variable Persistence Model .........ccccceiiiniiniiiiieiieeeceeeee e 14
2.3 Estimating Teacher Effects........ccccoooiiiiiiiiiiiiiicccceeeeee et 18
2.3.1 Layered MOEIS ...ccoevviiiiiiieeiiiiiesiie ettt ettt stae e sene e 19
2.3.2 Best Linear Unbiased Predictors ..........cocuvviieiiiiiieniiesiesiecieeeeie e 20
2.3.3 Impact of Model Specification on Teacher Effect Estimates .............cccccecueneee. 20
2.4 TSSUCS...uvvteeeiiuttieeeeiuteee e ettt e e estaeeeeaassreeeessssaeeeasssaeaeeaansaaeeeanssaeeeanssaeeeeansaeeeeannnees 33
2.5 Summary and Future Work.........cccoooiiiiiiiiniicee 36
3 Estimating the Impact of a Professional Development Program on Student
L@ATNING ceuviiiiniinnriiniisnricssssannesssssssessssssssesssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssans 38
3.1 INEOAUCHION. ...ttt sttt st ettt 38
3.2 Methods for Estimating the Impact of a Professional Development Program on
Student Learning .........c.cecveviieiiieniieiieiie ettt ereesreeereessaesbeeseesnseeneeas 42
3.2.1 BACKZIOUNA.......coouiiiiiiiiiiiieie ettt stee st e seaessbe e essaessaesseensnes 43
3.2.2 EVAAS Layered Teacher Model..........cccccceeiienieniiniiniicieeeeeeeeeee e 44
3.2.3 Modified Layered Model.........ccocoierieiiiriiiiieieeieeriie e eve e 46
3204 ZmSCOTES ..ottt ettt ettt sttt ettt ettt st sttt e sbeenaees 48
3.3 Example: Math in the Middle Institute Partnership...........cccooevevieiiieninenneens 50
3.3.1 Modified Layered Model Implementation............cceeeereereeereecreeieenieenreeseeeenn.s 53
332 RESUILS ettt ettt st 55
3.4 Summary and Future Work...........ccoooiiiiiiiniiiie e 59

4 Using Parallel Processing Methodology to Estimate Teacher Effects.................... 61



I 5315 e L 17 5 [ ) o DU 61

4.2 Parallel Processing Methodology .........cccccvieriiiiiiiiiieiieeieeieeeee e 62

4.2.1 Introduction to Parallel ProCcesSing.........c.cevvevvierieriesienieeieereesieeseeseeseneseneens 63

4.2.2 Parallel Processing in a Value-Added ConteXt...........ccvevvverieeriereeeneennesvenneenns 65

4.3 Example: Student Achievement Simulation Study..........cccceccvvveviiiiiiieiieene. 69

4.3.1 Simulation Study DeSCription........c..ccvevriereeriieriienreereereesteeseeeseresresreesreeseenns 71

N L] 1L USSP 75

4.4 Summary and Future Work..........ccoeviiiiiiiiie e 81
CONCIUSIONS c.ccoiureriiisiranricssssaniesssssnssessssssssssssssssesssssssssssssssssssssssssssssssssssssssssssssssssssssssssssass 84
REfEIENCES . .ccueieriiiniisieitiniinnstensenctenstistensesssessnssssesssssssstsssassssesssassssssssassssesssssssaasns 87
APPENAIX A cereiirinnicssneicssansssssnsssssssssssssssssssssasssssasssssassssssssssssssssssssssssssssssssssassssssssssnssssss 91
APPENAIX B acociiiieniiiiniinriinnisnniiccsssnsnicssssssiessssssissssssssssssssssssesssssssssssssssssssssssssssssssssssssssass 96

APPCIAIX Caunnnrenrrnnrensnenirensenssnesssesssassssessssssssessasssssessssesssssssssssasssssssssssssssssassssasssasssssss 122



X

LIST OF FIGURES
Figure 2.1: Relationship among Models............ccccueeiieriiiiiiiiiiciiecie e 17
Figure 2.2: Comparison of Multivariate Models for Modeling Longitudinal Student
Achievement Data ...........coooiiiiiiiiiiiiie e 18
Figure 2.3: Student Scores and Teachers over TIMe.........coceeveriieriinieiienienecicnieseeeees 22
Figure 3.1: Comparison of Before Participation Effects between Teachers Participating
(n = 37) and Not Participating (n = 280) in M ......ccevevremeemrereereeeeereena. 57
Figure 3.2: Comparison of Differences between Before and After Participation Effects
for MPS Teachers (n = 37) and a Subset of MPS Teachers (n = 22)
PartiCipating i MZ ...ttt s e see s s e 58
Figure 4.1: Visual of Cross-Classified Data Structure ..............ccceeevveevieeniieciienieesieeneeens 65
Figure 4.2: Level One Curve-of-Factors Model..........c.ccoocviveeiiiiniiiieiieeiee e, 66
Figure 4.3: Comparison of RMSE# for the Curve-of-Factors (solid), CA Z-score (dash)
and MA Z-score (dotted) Models with Complete and Missing Tests, and
MA/CA Z-score (dot-dash) Model with Missing Tests for Specific
Percentiles and YEars.......ccoeveiuieiiiieniieiecieeeeeee s 77
Figure 4.4: Comparison of Biasi for the Curve-of-Factors (solid), CA Z-score (dash)
and MA Z-score (dotted) Models with Complete and Missing Tests, and
MA/CA Z-score (dot-dash) Model with Missing Tests for Specific
Percentiles and YEars.......ccoeuevuiiienienieiienieieceeeeee s 78
Figure 4.5: Comparison across Years of the Estimated Sampling Distributions of f’l,:”

under the Curve-of-Factors (gray) and MA Z-score (black) Models with



X

Complete and Missing Tests for Teachers Truly at the 48" (solid) and 76"
(dotted) Percentiles .........ccovieeiieriieeiieiie ettt 80

Figure 4.6: Comparison of the Estimated Probability of Classifying Teachers in the Upper
Quartile for the Curve-of-Factors (solid), CA Z-score (dash) and MA Z-score
(dotted) Models with Complete and Missing Tests, and MA/CA Z-score (dot-
dash) Model with Missing Tests for Specific True Percentiles and Years.... 82



xi

LIST OF TABLES
Table 2.1: Comparison of Coefficient Matrices for Teacher Effects in Non-Layered and
Layered MOdeIS .....c..cooviiiiiiiiieiieeieece ettt et 19
Table 2.2: Teacher Effect Estimates from NLM(0), NLM(0.7), LM(0) and LM(0.7)..... 31
Table 3.1: Comparison of Z Matrix in Non-Layered and Layered Models...................... 45
Table 3.2: Zip and Zi, MALTICES .oooveieieieeieeeeeeeeeeeeee e 47
Table 3.3: Standardized Layered Z MatriX ........cccccoveeresiiiiineeeiiinieeieesiee e eseee e e enne 49
Table 3.4: Standardized Zip and Zi; MATICES ..unneiee et e e eeeeeeeneees 50
Table 3.5: MPS Middle School Assessments between 2003-04 and 2007-08 ................. 52
Table 4.1: Comparison of Z Matrix in Non-Layered and Layered Models...................... 69
Table 4.2: MPS Middle School Assessments between 2003-04 and 2007-08................. 70
Table 4.3: Assessments used as Responses for Simulation Analysis with Missing Tests 73



Chapter 1

Introduction

Over the past several years, there has been a national effort to hold students to
higher academic standards. This effort includes holding states accountable for assessing
measurable student outcomes. Value-added modeling is an alternative approach to test-
based accountability systems interested in the proportions of students scoring at or above
pre-determined proficiency levels. Value-added modeling techniques estimate the
contribution of educational factors, such as teachers, to growth in student achievement,
while allowing for the possibility to control for the effect of non-educational factors
beyond a school system’s control, such as socioeconomic status. Value-added modeling
methods provide opportunities to estimate the proportion of variability in achievement or
student growth attributable to teachers, as well as estimate an individual teacher’s effect
on student learning.

School districts and policymakers desire to use teacher effect estimates for a
variety of purposes, from informing educational systems how students are affected by
current practices and conditions to making high-stakes decisions regarding teacher salary
and/or employment. These estimates are also desired to evaluate the effectiveness of
professional development programs. However, even though value-added modeling
methods infer causal effects of teachers on student growth, the assessment data are not
obtained from randomized, experimental studies. Consequently, several obstacles need to

be addressed before value-added modeling should be used in these ways.



1.1 Value-Added Models for Estimating Teacher Effects

Chapter 2 serves as a background and introduction to value-added methodology.
Several value-added models available for estimating teacher effects are described, as are
the models’ respective advantages and disadvantages. Modeling variations, such as the
use of layered versus non-layered design matrices and the specification of teacher effects
as fixed or random, are also discussed, and the impact of such considerations on
estimated teacher effects is explained in detail using an example provided by Wright and
Sanders (2008). The various statistical and psychometric issues associated with
estimating value-added teacher effects are highlighted, providing a summary of the

current state of value-added modeling research and recommendations for future work.

1.2 Estimating the Impact of a Professional Development Program on Student
Learning

Professional development programs focus on preparing teachers to meet the
recent initiatives on improving the quality of student instruction, but rigorous evaluations
are needed to determine whether these programs are actually effective. Value-added
modeling techniques provide opportunities to estimate the relationship between teacher
development and student learning, but most require student achievement data to be on a
single developmental scale over time (McCaffrey, Lockwood, Koretz, & Hamilton,
2003). Typically, available assessment data do not meet such requirements, limiting
analyses that can be conducted. Chapter 3 proposes alternative value-added methodology,
specifically the use of Z-scores, for analyzing less-than-ideal longitudinal student
achievement data collected from a mixture of norm- and criterion-referenced assessments

to estimate the impact of a professional development program on student learning. The



3
chapter discusses methodology for estimating teacher effects on student learning before

and after entering professional development and addresses issues arising when using a
layered, longitudinal linear mixed model to analyze gains in standardized scores. The
methodology is applied to data collected from a mathematics professional development
program in mathematics education, the Math in the Middle Institute Partnership (M?), and

the results are discussed.

1.3 Using Parallel Processing Methodology to Estimate Teacher Effects

Few studies have addressed how to use value-added models to analyze
achievement data not on a single developmental scale (Green, Smith, Heaton, Jiao, &
Stroup, under review; Rivkin, Hanushek, & Kain, 2005), and even fewer, perhaps none,
have discussed how to use information from multiple instruments in a single year that are
on different scales, potentially both within and between instruments over time. When
modeling multiple outcome measures, instead of a single measure across time, parallel
process, or multivariate, growth curve models can estimate the relationship between the
growth trajectories for each of the parallel measures and allow researchers to investigate
changes in latent factors over time instead of changes in observed scores. Chapter 4
describes the use of parallel processing, specifically curve-of-factors, methodology to
analyze longitudinal student achievement data collected from two different assessments
in a single subject, such as mathematics, and estimate teachers’ effects on student
learning. Assuming data come from a curve-of-factors model structure, a simulation

study evaluates the performance of the proposed curve-of-factors model in its ability to
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accurately rank teachers in the presence of either complete or missing test data and

compares it to the performance of the Z-score methodology proposed in Chapter 3.



Chapter 2

Value-Added Models for Estimating Teacher Effects

2.1 Introduction

Since the enactment of No Child Left Behind (NCLB) (2001), education systems,
in theory, have held students to higher academic standards, and states are accountable for
assessing measurable student outcomes. States receiving Title I funds for improving the
academic achievement of disadvantaged students must require schools to make adequate
yearly progress (AYP). While states are given latitude with regards to what is meant by
“adequate,” in general, this means the proportion of students achieving pre-determined
proficiency levels on state assessments is expected to increase annually until all students
in particular grades are deemed proficient or higher.

Value-added modeling is an alternative approach to test-based accountability
systems interested in the proportions of students scoring at or above pre-determined
proficiency levels. Value-added modeling techniques estimate the contribution of
educational factors, such as teachers, to growth in student achievement, while allowing
for the possibility to control for the effect of non-educational factors beyond a school
system’s control, such as socioeconomic status. Value-added modeling methods provide
opportunities to estimate the proportion of variability in achievement or student growth
attributable to teachers, as well as estimate an individual teacher’s effect on student
learning. When these methods identify large differences in teacher effectiveness, they

also have the potential to help researchers identify what characteristics highly effective
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teachers possess and motivate informed improvements in education (McCaffrey,
Lockwood, Koretz, & Hamilton, 2003).

Teacher effect estimates can be used for a variety of purposes, from informing
educational systems how students are affected by current practices and conditions to
making high-stakes decisions regarding teacher salary and/or employment. However,
even though value-added modeling methods infer causal effects of teachers on student
growth, the assessment data are not obtained from randomized, experimental studies.
Consequently, several limitations exist when defining what teacher effects really
describe. Defining teacher effects requires identifying to what a particular teacher’s
impact on a student’s growth in achievement will be compared, such as other teachers in
the school, district, or entire state. The definition also depends on the outcomes used to
measure achievement; the scope and purpose of the instruments can limit what is
measured and, consequently, restrict the part of a teacher’s total impact on a student that
can be estimated (McCaffrey et al., 2003). Other factors affecting students’ growth in
achievement, such as characteristics of classrooms and schools, can be confounded with
teacher effect estimates, so the purpose for obtaining such estimates needs to be clearly
defined and should dictate how precisely the effects need to be estimated. Typically,
teacher effects merely account for unexplained classroom-level heterogeneity
(Lockwood, McCaffrey, Mariano, & Setodji, 2007).

Studies investigating value-added teacher effects provide evidence teachers have
differing effects on student learning (Rivkin, Hanushek, & Kain, 2005; Rowan, Correnti,
& Miller, 2002; Wright, Horn, & Sanders, 1997) that persist over time (Sanders &

Rivers, 1996), but these studies have shortcomings (McCaffrey et al., 2003). Section 2.2
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describes proposed value-added models for estimating teacher effects and discusses their

respective advantages and disadvantages. Section 2.3 covers the impact of different
modeling decisions on the estimation of teacher effects, and Section 2.4 highlights
various statistical and psychometric issues associated with estimating such effects. The
chapter concludes with a summary of the current state of value-added modeling research

and recommendations for future work.

2.2 Value-Added Models

Multiple authors have championed the use of value-added models to analyze
longitudinal student achievement data (Doran, 2003; Drury & Doran, 2003; Hershberg,
Simon, & Lea-Kruger, 2004; Lissitz, 2005; Sanders, Saxton, & Horn, 1997). These
methods fall into three categories: covariate adjustment models, gain score models and
multivariate models (McCaffrey et al., 2003).

2.2.1 Covariate Adjustment Models

Covariate adjustment models, for example,
Vig =Hig ¥ PVig 1 + T, e, (2.1)
regress each student’s current achievement score, y, , on his or her prior score, y, . |,
for the year of data collection, g =1, 2, 3, ..., m. The student-specific mean, Hig » adjusts

for factors affecting a student’s level of achievement, such as free-and-reduced lunch and
English Language Learner (ELL) identifiers. It can also account for many other factors,

including characteristics of schools. The teacher effect, 7,, estimates the current year

teacher’s impact on a student’s outcome. The residual errors, e, , are assumed to be

ig ?
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normally distributed with mean zero and variance afg and independent of the prior year

scores and teacher effects.

Covariate adjustment models are easy to specify and fit, and they do not require
performance on measures used in successive years to be placed on a single
developmental scale so growth can be measured across grades or ages. This is
particularly beneficial for school systems using a mixture of norm-referenced and/or
criterion-referenced tests, where reported student scores from the two types of
instruments reflect different measurements: either relative academic performance or
proficiency on predetermined criteria, respectively. Teacher effects from prior years are
embedded in the previous year’s score, so the effects persist indefinitely even though they
are not explicitly specified in subsequent years’ models. However, information is lost
about student performance by estimating models separately for each year, so critics argue
these methods are not really measuring student growth. Covariate adjustment methods
also require complete student records, so missing student outcomes must either be
imputed or removed from the analysis. When data are not missing completely at random,
list-wise deletion can lead to biased estimates of all effects. In general, covariate
adjustment models are easy to work with, but potentially over-simplify the complexity of
student growth over time.

2.2.2 Gain Score Models

Gain score models,
diy = Vig = Viga = My + T, +e, 2.2)
treat the difference between two successive scores, d,,, for student i as the response for

the g" year of data collection. The student-specific mean, > adjusts for factors
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affecting a student’s growth from one year to the next. It can account for many factors,

including characteristics of schools. The teacher effect, 7,, estimates the current year

teacher’s impact on a student’s growth. The residual errors, e, , are assumed to be

2

normally distributed with mean zero and variance o, and independent of the teacher

effects.

Gain score models are also easy to specify and fit. These methods model students’
gains in scores, so time-invariant factors, such as gender, race and poverty level, affecting
a student’s level of achievement need not be estimated. Prior year teacher effects are not
typically specified in the model, which assumes they persist undiminished over time.
Although “covariate” methods do not require tests to be on a single developmental scale,
“gain” methods do, so changes in performance are not confounded with changes in tests
(McCaffrey et al., 2003). In addition, gain score models require complete student records
and lose information about student growth by assuming pairs of gains for the same
student are independent. Overall, gain score models are easy to work with and explicitly
model student growth in achievement, but they have stringent scale requirements and
potentially over-simplify the complexity of student growth over time.

2.2.3 Multivariate Models

Multivariate methods jointly model all student scores, including relationships
between each student’s set of outcomes. These approaches also accommodate missing
data, making efficient use of all available information. Specifying a multivariate model
provides more flexibility, allowing the exploration of several assumptions, such as the
persistence of teacher effects and the residual covariance structure of student outcomes.

In some instances, these models are robust to omitted covariates, but they are
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computationally intensive and require much more in the way of computing resources than
either the gain score or covariate adjustment methods. Even though multivariate methods
are often recommended, they are not widely adopted because the required resources and
high-quality longitudinal data are not readily available. Three common multivariate
approaches include the cross-classified model (Raudenbush & Byrk, 2002), the Education
Value-Added Assessment System (EVAAS) teacher model (Sanders et al., 1997), and the
variable persistence model (McCaffrey, Lockwood, Koretz, Louis, & Hamilton, 2004).
2.2.3.1 Cross-Classified Models

Hierarchical linear models (HLMs) can model students’ growth over time, but
when assessing teachers’ influence on rates of learning, the models require each outcome
to belong to only one student, who in turn remains in a single teacher’s classroom over
the course of the study (Raudenbush & Byrk, 2002). The nested structure required by
HLMs is a limitation when studies want to model students’ growth over the course of
several years and, subsequently, several teachers. Rather, students who share the same
teacher(s) in one year do not share the same teacher(s) in the next year, resulting in a
cross-classified structure (Rasbash & Browne, 2008; Raudenbush & Byrk, 2002); HLMs
do not model this additional complexity.

Cross-classified models, for example,

=(u+m

Yio
Vi

( )+T, + e,
(u+m)+(B+b)+T,+T +e,
(t+m)+2(f+b)+T,+T,+ T, +e,

( J43(B+b)+ T, +T,+T, + T, +e,

; (2.3)

Vi
Y =\u+m,

1

model scores, y, ., for student i at the g = 1, 2, 3, 4 year of data collection as a

function of the average achievement, u, and the average learning rate, £ . The student-
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specific intercepts, m,, and slopes, b,, are assumed to be independent across students and
normally distributed with mean zero, variances 7, and 7, respectively, and covariance
7, - The random teacher effects, 7}, are the expected deflections to students’ growth

curves when encountering teacher k. These effects are assumed to be independently,
normally distributed with mean zero and constant variance across years. Teacher effects
are also assumed to be independent of all other effects in the model. The random errors,

e, , are assumed to be normally distributed and independent of each other, both within

and between students, because the individual growth curves are assumed to “capture all
the student-related influences on scores” (McCalffrey et al., 2003, p. 58).

More generally, the cross-classified model from above can be specified as,

g-1

K
Viceny =(p+m)+a,, (B+b) +Z DT+ o) (2.4)
=1

h=0

where a, ., assumes the value (g-/) at year g, and the term D,, =1 if student i

i(g—

encounters teacher & at time 4; D,, =0 otherwise. The teacher effects, 7, are summed

over time, so a student’s score is attributed to all previous and current teachers the student
had for a particular subject. These types of models can also be extended to include other
factors, such as student- and teacher-level covariates (Raudenbush & Byrk, 2002), as well
as higher-order polynomials in g (Raudenbush, 2004).

Cross-classified models explicitly model individual growth curves, often using a
linear trend instead of separate means for each year. The linear trend used to model
student growth places restrictions on the residual error covariance matrix. Subsequently,

whenever the covariance between m, and b,,7,,, is greater than zero, the variability of

scores increases over time (McCaffrey et al., 2004). Raudenbush (2004) acknowledged
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cross-classified approaches have stronger variance assumptions than models with
unstructured variance-covariance matrices, but he argued this additional assumption
potentially makes more appropriate and efficient use of student achievement data.
Because cross-classified models can become complex quickly, other constraints may also
need to be imposed to simplify a model.

In the cross-classified model described, teacher effects persist undiminished into
the future, so contributions of past as well as current teachers, are accounted for in a
student’s set of scores. Consequently, the variability due to teacher inherently increases
with each additional year of data collection (McCaffrey et al., 2004). Scores must also be
on a single developmental scale (McCaffrey et al., 2003).

2.2.3.2 EVAAS Model

One prominent multivariate longitudinal linear mixed model is the Education
Value-Added Assessment System (EVAAS) layered model (Sanders et al., 1997). This
approach assumes teacher effects are independent and persist undiminished over time and
subject. For a single track of students within a school system, a simplified version of the
EVAAS model for a particular subject, such as math or reading,

Ya=m+T +e,
Vo=t +1+T, +e, 5 (2.5)
Vs =+ T +T,+T; +e;

models scores, y, , for student i at year g = 1, 2, 3 as a function of year-specific means,
4, . Random teacher effects are included for all teachers a student encounters for the

subject during the course of the study. The teacher effects are assumed to be normally

distributed with zero mean and year-specific variances; these effects are assumed



