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Abstract

For many countries is nowadays a common issue is searching for an improvement of
their educational systems. A solid and well established educational system will undoubtedly
lead to highly qualified students and to improve the quality of education. Although
assessment is often seen as a tool to measure the progress of individual students, it
also allows individuals, communities, and countries to track the quality of schools and
educational systems Cohen, Bloom, and Malin (1996). Having accurate and reliable
measures of schools performance is neccesary for to decide among educational options. A
growing emphasis is being placed upon measures of school performance , they are central
to school improvement efforts, system of accountability and school choice, and broader
educational policies OECD (2008). In this context, many countries have implemented
accountability systems which aim to monitor school to be accountable for their functioning.
The accountability system involve a process of evaluating school performance on the
basis of students’ performance measures. The obtained information is used by policy
makers, teachers and principals, and parents for developing educational policies, improve
professional practice, and school choice, respectively.

According to Mortimore (1991): “An effective school is one in which students
progress further than might be expected from consideration of its intake”. In educational
research studies, the school effectiveness is assessed through value-added techniques.
Broadly speaking the value added of a school is “the contribution of a school to students
progress towards stated or prescribed education objectives, the contribution is net of other
factors that contribute to students educational progress” OECD (2008); see also Braun,
Chudowsky, and Koening (2010) and Baker et al. (2010). Thus school effectiveness seeks
to identify the ‘Value Added’ by schools to student outcomes. Value-Added models are

used to estimate the contribution of teachers, educational programs or schools to student
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achievement. From a methodological point of view, this can be achieved by modeling
student’s scores taking into account the differences in prior achievements and possibly
other measured characteristics in the form of covariates at both the school level and the
student level; see Braun et al. (2010); OECD (2008); Raudenbush (2004) and Timmermans,
Doolaard, and Wolf (2011). The role of the covariates is to characterize a school of
reference with respect to which the Value-Added is substantively interpreted. As a matter
of fact, the Value-Added of a school is a comparison between the conditional expected
scores in a given school and the conditional expected score in the school of reference: if
the covariates are modified, the school of reference is also modified and the meaning of
the Value-Added changes. Because the interest is to know the net contribution of a school,
and the covariates have an influence on the student performance, an important requirement
for the covariates is that they have to be unrelated to the internal pedagogical processes
performed by a school. Using the econometric jargon, it is said that the covariates are

exogenous with respect to the school.

Due to the hierarchical structure of the data where students are nested into schools, a
standard approach to model the school Value-Added is the use of hierarchical linear models
(HLM), or multilevel models Goldstein (2002); Snijders and Bosker (1999). Under this
approach, students scores are explained by their previous achievement, some covariates
and a random effect representing the school effect. A measure of Value-Added has been
typically obtained as the prediction of the random school effect Aitkin and Longford
(1986); Longford (2012); Raudenbush and Willms (1995); Tekwe et al. (2004). As every
statistical model, some assumptions need to be met for the inferences to be valid. For
instance, the above mentioned requirement of exogeneity of covariates is key to isolate
the net effect of the school represented by the random effect in the model, yet it is not
considered by most of the models currently in used for the estimation of value-added
measures. This can have serious consequences as the reported measures of value added
could be misleading. Despite this problems, hierarchical linear models are widely accepted
for estimating Value-Added. Although constantly the students of schools are evaluated
across time, such that, they have information coming from more of a cohort of students,
understood by cohort, the group of students that were measured on two occasions (previous
and current score) and the set of them are different. When there are several cohorts is
not quite right considered independence among cohorts, because it is the same school

that treats students, the value added model are not considering an association among the
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schools effects across the time. These are only one example of various problems and

challenges seen in some educational data sets.

Many problems involving the value added models are due to the structured of
educational data, educational system, calculating measures of value added forgetting some
of the problems, could, however, lead to erroneous conclusions about the effectiveness of a
school. In this dissertation we addressed two problems; the endogeneity and dependence
across the time, these are challenges seen in some educational data sets, particularly in the
Chile case. The Chilean educational systems do not ensure the exogeneity (i.e., the fact
that covariates and the school effect in the model are uncorrelated) of the prior scores with
respect to the school effect, because students are typically educated by the same school
during the two test occasions, meaning that the prior score already contains the effect
of the school. Absence of exogeneity makes impossible to isolate the net contribution
of a school to student achievement. The Chilean educational systems do not ensure the
exogeneity (i.e., the fact that covariates and the school effect in the model are uncorrelated)
of the prior scores with respect to the school effect, because students are typically educated
by the same school during the two test occasions, meaning that the prior score already
contains the effect of the school. Absence of exogeneity makes impossible to isolate the
net contribution of a school to student achievement. Moreover, Chile has the information
of more a cohort of students on different times , the consequence of not consider a relation
across the time among the schools effect can lead to erroneous conclusions, a school may

worsen compared to a reference school but improve in comparison with itself.

This dissertation named; Toward a robust measure of school effectiveness through
value-added model: it is considered both problems of endogeneity as dependence on
time, separately and not jointly, however, it is possible and not so complicated, link these
methodologies. Our proposals addressed developing of two value added models, two
robust measures under the hierarchical linear mixed models and an application to real data,

specifically in Chilean educational data.
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Introduction

Nowadays countries seek to improve their educational systems since a solid and
well established educational system will undoubtedly lead to highly qualified students
and will improve the quality of education. Furthermore a growing emphasis is being
placed upon measures of school performance. Accurate and reliable measures of schools
performance are central to school improvement efforts, for systems of school accountability
and to broader educational policies. In this context, many countries have implemented
accountability systems which aim to monitor schools to be accountable for their functioning.
The accountability system involves a process of the school performance on the basis of
student performance measures. The obtained information is used by policy makers,
teachers, principals and parents for developing educational policies, improve professional
practice and school choice. It also allows to track the quality of schools and educational
systems Cohen et al. (1996).

According to Mortimore (1991): “An effective school is one in which students
progress further than might be expected from consideration of its intake”. Thus, school
effectiveness seeks to identify the ‘Value Added’ by schools to student outcomes. Value-
Added models are used to estimate the contribution of teachers, educational programs or
schools to student achievement. From a methodological point of view, this can be achieved
by modeling student’s scores taking into account the differences in prior achievements
and possibly other measured characteristics in the form of covariates at both the school
level and the student level; see Braun et al. (2010); OECD (2008); Raudenbush (2004) and
Timmermans et al. (2011). The role of the covariates is to characterize a school of reference
with respect to which the Value-Added is substantively interpreted. As a matter of fact,
the Value-Added of a school is a comparison between the conditional expected scores in a

given school and the conditional expected score in the school of reference: if the covariates
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are modified, the school of reference is also modified and the meaning of the Value-Added
changes. Because the interest is to know the net contribution of a school, and the covariates
have an influence on the student performance, an important requirement for the covariates
is that they have to be unrelated to the internal pedagogical processes performed by a
school. Using the econometric jargon, it is said that the covariates are exogenous with
respect to the school. A standard approach to model the school Value-Added is the use
of hierarchical linear models (HLM), or multilevel models Goldstein (2002); Snijders
and Bosker (1999), due to the hierarchical structure of the data where students are nested
into schools (see chapter 1). Under this approach, students scores are explained by their
previous achievement, some covariates and a random effect representing the school effect.
A measure of Value-Added has been typically obtained as the prediction of the random
school effect Aitkin and Longford (1986); Longford (2012); Raudenbush and Willms
(1995); Tekwe et al. (2004).

As every statistical model, some assumptions need to be made for the inferences to
be valid. For instance, the above mentioned requirement of exogeneity of covariates is
key to isolate the net effect of the school represented by the random effect in the model,
yet it is not considered by most of the models currently in use for the estimation of value-
added measures. This can have serious consequences as the reported measures of value
added could be misleading. Despite these problems, hierarchical linear models are widely

accepted for estimating Value-Added.

Chilean context

The Chilean educational system is not exempted of this reality. For instance, every
year when results of educational tests are released, a remarkable difference by social
economic status (SES), and types of schools (i.e., private or public) is seen not only at
the scores level but also in terms of variability. The model used to calculate measures
of value added should accordingly take into account this type of heterogeneity. Also,
chilean educational systems do not ensure the exogeneity (i.e., the fact that covariates
and the school effect in the model are uncorrelated) of the prior scores with respect to
the school effect, because students are typically educated by the same school during the

two test occasions, meaning that the prior score already contains the effect of the school.
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Absence of exogeneity makes impossible to isolate the net contribution of a school to

student achievement.

Over the last decades, Chile has been consolidating a national large-scale standard-
ized test called SIMCE (Sistema de Medicion de la Calidad de la Educacion, System
Measurement of Quality of Education). Since its creation at the end of 80s, it has had a
strong, increasing and persistent development as a key component of Chilean education
policies Manzi and Preiss (2013); Meckes and Carrasco (2010). SIMCE is a census na-
tional tests that measures three subjects (language, mathematics and science), and it is
administered at 2nd, 4th, 6th, 8th, 10th grade levels. For 2nd and 4th grade, the subjects of
language and mathematics are tested annually.

Between 2007 and 2009, the SIMCE office from the Chilean Ministry of Education
commissioned three Value-Added studies. One national Value-Added study was conducted
using the 2004 and 2006 SIMCE applications, using score information of the 8th and 10th
level in schools (see Del Pino, San Martin, Manzi, Gonzalez, and Taut (2008)) and two
Value-Added analyses at the Metropolitan Region level (see Del Pino, Gonzélez, Manzi,
and San Martin (2009); Del Pino, San Martin, de la Cruz, et al. (2008)). These studies are
relevant not only for being the first national Value-Added analyses performed in Chile with
governmental support, but also because they showed that the ranking of schools induced by
Value-Added indicators is dramatically different from the ranking induced by the average
SIMCE - scores. Currently, the schedule for SIMCE administrations considers 6 out of the

12 levels of Chilean education.

In 2009, Chile passed a law introducing a National Accountability System based
fundamentally on SIMCE results, but not exclusive. Accordingly, it was created the
National Agency for Quality (where the SIMCE office is now administratively located)
whose fundamental task is to classify schools according to an official methodology of
classification. This classification is not neutral for schools: schools poorly performing
will be closed after three years ranked in the category at the bottom of the four categories
introduced by the new classification school, whereas the practices of schools highly
performing will be transferred to the all of the system. The methodology of school
classification is essentially based on a linear regression, although the Law under which
such an accountability system is founded contemplates the possibility of using Value-
Added models. Note that because every year a measure of value-added is calculated for

each school, it would be of interest for schools to assess whether the value-added is stable
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or it changes across the years. Knowing how the value added evolves over time is crucial

information for schools decision-making.

The Chilean educational system shows particular features which are reflected in the
scores of SIMCE tests. For instance, every year when results are released, a remarkable
difference by social economic status (SES), and types of schools (i.e., private or public)
is seen not only at the scores level but also in terms of variability. Moreover, the Chilean
available longitudinal data at the student level, does not ensure the exogeneity of the prior
scores with respect to the school effect, because students were educated by the same school
during the two test occasions, therefore, the prior score measure contains the effect of the
school Manzi, San Martin, and Van Bellegem (2014).

Although these data have been used for some studies, apart from government
decision-making, the research agenda on School Effectiveness Research follows its own
path. Studies using Value-Added in Chile are practically non-existent with notable recent
exceptions as, Carrasco and San Martin (2012), San Martin and Carrasco (2012), Gonzilez,
San Martin, Manzi, and Del Pino (2010, Agosto); Page, Orellana, San Martin, and Gonzélez
(2015); Santelices, Galleguillos, Gonzalez, and Taut (2015),Thieme, Prior, Tortosa-Ausina,
and Gempp (2013), this dissertation.

Motivation

To develop a robust measure of school effectiveness through value-added model for a
fairer classification of schools, has been the principal motivation for this dissertation and it
is certainly a great challenge. Commonly, as previously mentioned, the estimation of value-
added of a school is determined through standard hierarchical lineal models, but in some
educational data, these models have some problems to consider. For example in the chilean
case, the first measurement of SIMCE is taken when the student was already educated by
the same school, i.e. the exogeneity in model not met, as the students are educated by the
same school during the two SIMCE test occasions. Moreover, for the modeling of value
added across the time, it is at least arguable that currently is not considered a dependency in
time and the added value of each cohort is considered independent (understood by cohort,
the group of students that were measured on two occasions, for example the students give

a test SIMCE in 4th grade and four years after in 8th grade). Under this discussion is
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possible that a school does not improve when it is compared with a school of reference,

but it does when it is compared with itself.

This way the problems associated in modeling educational data, leads us to a twofold
motivation, 1) Develop an extension for model of value added developed by Manzi et al.
(2014), that consider the endogenous problem, and ii) Develop a model of value added that

include a dependence across the time.

Endogenous problem in data educational

The endogenous problem can be represented as in Figure 1, where students of a
school j are evaluated by SIMCE on two different occasions, 4th and 8th grades. In both
measurements the students belong to school 7, therefore the results obtained are achieved
from human capital of students and the school effect that it is the same for both SIMCE.
Thus the school effect has a partnership between the prior and post scores of SIMCE test.

School ;

Students

SIMCE 4th grade SIMCE 8th grade

Figure 1: Example of endogenous problem in chilean context

9 Maria Inés Godoy Avila



INTRODUCTION

Longitudinal Value Added Models

The problem of dependence across time can be represented as shown in Figure 2,
where the students of a school j are evaluated by SIMCE on two different occasions, for
example 4th and 8th grades, but constantly the school j is being evaluated. Though we talk
about different students, they belong to the same school, then it is intuitive to think that
the school effect of the first cohort is associated with the school effect of second cohort,

assume independence is at least questionable.

SIMCE 4th grade

/

Students, Cohort I

/ SIMCE 4th grade

School j

\ SIMCE 8th grade

Students, Cohort II

T

SIMCE 8th grade

Figure 2: Example of dependence across the time in chilean context
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Organization of the thesis

For convenience of the reader, some concepts may be repeated on the later chapter.

This dissertation is organized in four chapters.

The first chapter focuses on the concept of school effectiveness. How the effective-
ness of a school is estimated. Recall the notation of value added under free-model and
it is described the standard methodology for estimate of school effectiveness. Finally its

difficulties and associated problems are mentioned it.

In chapter 2, we propose an extension of the endogenous value-added model as
introduced by Manzi et al. (2014). The extension essentially consists in specifying a
different correlation between an endogenous covariate and the school effect according
to the subgroup to which a school belongs. We derive its statistical properties and the
identification of interest parameter. Also, we show a study of simulation, and an application

in the chilean context.

In chapter 3 we propose a model of value added with dependence across the time.
We show the specification of model, the identification of interest parameters and its process
of estimation. Also we present, a study of simulation and an application to educational

data, in the chilean context.

Chapter 4 discusses the advantages and limitations of two value-added models

proposed, and of course possible extensions, improvements and future works.
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Chapter 1: School Effectiveness

This chapter focuses on what we know about the concept of school effectiveness,
how the effectiveness of a school is estimated, and what methodology is used commonly,

with their difficulties and problems associated.

1.1 School Effectiveness

The “school effectiveness” is an enduring problem in research (onward SER').
In general terms, it tries to identify the “value added” from school on the outcomes of
their students. From a methodological point of view, this can be achieved by modelling
student’s scores, taking into account the differences in prior achievements and possibly
other measured characteristics in the form of covariates at both the school level and the
student level; see Raudenbush (2004), OECD (2008), Braun et al. (2010) and Timmermans
et al. (2011).

Moreover, it is very important to determine the school effectiveness consider the
structure of the educational data. These present evidently a hierarchical structure, because
each student belongs to one school and only one, in other words, students are grouped
within the schools, or students are nested in schools. Thus, the educational data have at
least 2 levels corresponding to students and schools, such that the lowest level are students

and the schools are on the top, as shown in Figure 1.1, borrowed from Goldstein (2002).

ISER : School Effectiveness Research.
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1.1. SCHOOL EFFECTIVENESS

School

Students

Figure 1.1: Hierarchical relationship among units

Thus, following the structure of educational data, we denote by;
e Y; score (outcome in a standardized test) of student ¢ belonging to school j.

e X, be a vector of covariates at both the individual level and the school level; we

denote by X ; the set of all the covariates X ;;s.

e The school effect 0; is an unobserved random variable defined by two conditions:

Condition 1 For each school j, the scores {Y1j,...,Y, ;} are mutually indepen-

dent conditionally on both the school effect 0; and the set of all the covariates X ;.

Condition 2 For each student i belonging to school j, the conditional distribution
of the score Y;; depends on both the school effect 0; and the covariates X ;;.

1.1.1 Definitions of school effect

Let us begin by defining the concept of school effect in a model-free way. By a
model-free way we mean that the basic concept of school effect should be defined without

resorting on a particular statistical specification (such as a hierarchical linear mixed model).

The condition 1 previously mentioned, identifies the factor by which the scores
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1.1. SCHOOL EFFECTIVENESS

{Y1;,...,Yy,;} are related between them. This factor is no longer captured by the covari-
ates, but it corresponds to the unobserved school effect. Heuristically speaking, this means
that a feature common to all the students of a given school (which it is supposed to be
captured by the scores Y;;s) is due to the school effectf;, and not to the set of covariates

X ;. In a more technical fashion, condition 1 implies the following statements:

1. Conditionally on the covariates X ;, all the within relationships between the scores
{Yij,..., Ynj ;}, should be accounted for by the way in which each score, Y;;, alone

is related to the latent variable, 0;.

2. The school effect ¢; captures, therefore, the heterogeneity that is present in the scores

{Y1;,...,Y,,;} and that is not fully explained by the covariates X ;.

The condition 2 means that the score Y;; of each student is stochastically generated
by two factors: a common one, the school effect; and a student-specific factor, the covariate
X ;. Itis allowed to include in X;; covariates defined at the school level, as for instance
the socio-economic group of the school (they are the same for each pupil). However,
these observed covariates defined at the school level are different from the school effect

in the sense that the firsts do not explain the heterogeneity that is present in the scores
Yy, Y51

It should be remarked that this definition of school effect underlies the multilevel
models typically used in SER, such as two-level or three-level models, including or not
random slopes, and so on. However, the proposed model-free definition is relevant for
practitioners because it allows to answering the following question: What kind of internal
school dynamics are we representing when we adopt the concept of school effect intro-

duced above? The answer to this question is quadruple:

(a) We analyze a school in a specific context explicitly characterized by the covariates we
put in the model: if we modify the context (by including or excluding covariates), we

modify what we are studying regarding the school and its students.

(b) Given a context, we are representing a school which produces within-heterogeneity in
the scores of its students.

16 Maria Inés Godoy Avila



1.1. SCHOOL EFFECTIVENESS

(c) Each of those scores is equally affected by the school effect.

(d) The covariates (at both individual and school level) do not explain the school ef-
fect, neither the heterogeneity we (suppose to) observe in the school, although such

covariates have an impact on the scores.

If some of these implications is not pertinent to a specific school context, then
the concept of school effect as defined above is inadequate; other approach needs to be
adopted.

Identify school effectiveness under a accountability system is extremely important.
It is relevant to know to what extend a specific school should be accounted by the score
obtained by their students in a national assessment. The answer to this question should
satisfy an ethical constraint: it is not fair that a school be accountable by factors which

affecting the score of a student and are far from the control of the school.

Heuristically speaking, the strategy to define a school effect consists in decomposing
the score of a student 7,belonging to school j, Y;; , into components, and thereafter to
identify which of these components are under the control of the school. From a modelling
point of view, each score Y;; is affected by both the covariates and the school effect.
Therefore, it can be decomposed into three components, each of them being represented in

terms of conditional expectations, as follows:

Yij = B (Yijlis) +{E (Vij| X5, 05) — E (Y| Xi5) } +{Y; — E(Yy| X45,0;) ) (1.1)
—_———

Component 1 Component 2 Component 3

for the semantic meaning of the conditional expectation, see Appendix A.1.2. The three
components of decomposition (1.1) are by construction uncorrelated between them. There-
fore, each of them represents a specific contribution to the students score Y;;. Each of these

contributions has a specific meaning:

1. The first component measures the contribution of the covariates vector X ;; on the

score Y;;.

2. The second component corresponds to the contribution of the school effect 6; on Y;;

after taking into account the contribution of the covariates vector X ;; on Y;;.
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1.1. SCHOOL EFFECTIVENESS

3. The third component corresponds to the idiosyncratic error, that is, the “part” of
Y;; which is not statistically explained either by the school effect 6;, nor by the

covariates vector X;;.

1.1.2 A model-free definition of school value-added

From decomposition (1.1), it is palatable that the second component is the one that
depends on the school and, consequently, it is under its control. This leads to define the
value-added of school j as the average of such a component,see (Manzi et al., 2014),

namely

|
VA;(X;) = — > {E(Y;|Xy;,0;) —E (Y| X ;) (1.2)

G =1

Term 1 Term 2

The first term represents an average of the expected score in a specific school, after
controlling by the covariates. The second term corresponds to an average of the expected
score in the reference school, after controlling by the covariates; this last interpretation
rests on the following general property: E(Y;;| X ;) = E[E(Y;;|X;,0;)|X;], that is, the

school effect is integrating out with respect to its distribution.

In the SER literature, school value added (onward VA?) is defined in terms of an
average or reference school; see, among many others, (Gray, Goldstein, & Thomas, 2003;
OECD, 2008; Raudenbush, 2004; Raudenbush & Willms, 1995; Timmermans et al., 2011).
Definition (1.2) not only provides an accurate meaning of the “average” or reference school,

but also shows in which sense the meaning of school value added is covariates-dependent.

Covariates

Given the definition of VA introduced in the previous section, equation (1.2), in very
simple words, one wants compare the expected outcomes of a standardized test of a school

specific and the expected results of a reference school, also called as “average school”.

2VA: Value Added
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1.1. SCHOOL EFFECTIVENESS

Let us illustrate this aspect with an example (taken from (Milla, San Martin, &
Van Bellegem, 2014)). Suppose we are considering three different secondary schools.
For each of them, the prior attainment score was measured by the end of primary school,
whereas the contemporaneous score was measured at the end of second year of secondary
school. In Figure 1.2, each school is represented for different colours, so the names of
schools are “Green-School”, “Blue-School”, and “Red-School”. All the students belonging

school are represented by points green, blue and red, respectively.
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Figure 1.2: Value Added using as only covariate “Prior Score”. The dotted lines green
blue and red represent the expected contemporaneous scores in each school respectively,
after controlling for the prior scores. The continuous dark red line represents the expected
contemporaneous scores in the reference school, after controlling for the prior scores.

Therefore, the value added of each school corresponds, to the difference between
those expected scores. Thus, in Figure 1, the school represented by the “green School” and
“blue School” have a positive value added, whereas the “red School” has a negative value
added.

This example shows that the value added is a concept relative to a reference (the dark
red line in Figure 1), which in turn is characterized by the covariates that are included in the
value added analysis. Therefore, it should be asked what is it the impact of the covariates
on the value added indicators. In this example, the reference school was computed using
the information of all students. However, it should be asked whether the definition of such

a reference based on the prior attainment score is fair. This question should be answered
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1.1. SCHOOL EFFECTIVENESS

taking into account a specific school context. For instance, it would be asked whether is it
fair to define the “average” school without considering the different geographical provinces
in a country, or if is it fair to define such an “average” school without distinguishing “highly
selective schools” from “moderate selective schools”. These questions lead to conclude
that the reference or average school is not a unique entity, but it is characterized in different

ways by covariates related to those and similar questions.

In order to illustrate this aspect, let us consider now a value added model in which
we control by the prior score and one characteristic of school. These characteristic of
school can be for example monthly cost, social economic group or the school composition
effect, etc. The compositional effect can be simply the average at school level of the prior
scores, or also with a correction, such that, the compositional effect of a student ¢ is defined
as the average at school level of the prior scores without the student , ie if Y;;; then the

compositional effect is defined as,

B 1 n;—1 1 B
Yiem=—7 2 Yn= "3 {nYn = Yin}

e J

In order to illustrate this aspect, let us consider now a value added model in which we
control by both the prior score and the compositional effect defined as the average at school

level of the prior scores.

In Figure 1.3, it considers a value added model in which we control by both the prior
score and the compositional effect. Such that, four schools are represented and grouped
into two groups: the two green schools (points and triangles) have the same compositional
effect (which is positive), whereas the two schools blue (squares and diamonds) also have
the same compositional effect, but a negative one. If one characteristic of school is included
as a control variable, changes the reference school, as shown in example, where the value
added of school “triangle green” is negative under this school (continuous line dark green).
Nevertheless, its value added is positive if compared with other reference school, where

only the prior scores is using as control (dotted line dark red).
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Figure 1.3: Value Added using as covariates ‘“Prior Score” and characteristic of
school. The dotted lines green represent the expected contemporaneous scores in each
school respectively, after controlling for the prior scores. The continuous dark green line
represents the expected contemporaneous scores in the reference school, after controlling
for the prior scores and a characteristic of school. While, the dotted lines dark red is the
expected contemporaneous scores in the reference school, after controlling only by prior
scores

From this illustration, we conclude that the school value added not only changes
when the covariates are modified, but also shows how its meaning is modified. As a matter
of fact, continuing with the illustration, the following interpretation of the different value

added indicators can be proposed:

1. If both the individual prior score and the compositional effect are included in the
value added model, then we are not only controlling by the initial level of each
student, but also for the quality of the group of students. Therefore, this type of
value added model measures the effectiveness of a program to educate students after
taking into account not only the individual initial achievement level, but also the
group initial level. Consequently, the policy usability of this type of models is related

to the possible difference between pedagogical methods.

2. If the individual prior score is only included, then the value added measure the

effectiveness of a program to educate students after controlling for their initial
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prior scores. The effectiveness of the program is only related to the students and,
therefore, this type of indicators would be valuable for parents when they want to
know if their children are educated in a school producing the largest effect on the

contemporaneous performance.

Summarizing, the meaning of a value added indicator depends on the control variable
we put in the model. This is due to the fact that the “average” or reference school is
characterized by those covariates. Before performing a value added analysis, it is desirable
to make explicit the policy purposes of doing value added. The covariates should be chosen

according to those purposes.

1.2 Standard hierarchical linear mixed model, two levels

A standard approach to model the school value-added are the hierarchical linear
mixed models (onward HLM?), or multilevel models Goldstein (2002); Raudenbush and
Bryk (2002); Snijders and Bosker (1999). This class of models fits a specific feature of the
educational data typically used to perform value-added analysis, namely the hierarchical
structure of the data where students are nested into schools. In this context, the value-
added of a school is, on the one hand, modelled as a random effect and, on the other hand,
calculated as the estimated prediction of it (Aitkin & Longford, 1986; Longford, 2012;
Raudenbush & Willms, 1995; Tekwe et al., 2004).

1.2.1 Model specification

From the perspective of the HLM model and following with above notation, Y;
is the score of student 7 belongs school j in a particular area, for example mathematics,
language, etc., such thati € {1,...,n;}, with n; is the number of students in the school
jand j € {1,..., J}. Further, it is possible to identify a latent source of variation in the
results of students at the level of school, ie these are affected by a school effect, denoted
by 6;. At the same time, this observed test score is explained by some covariables, denoted

as X ;;, to individual level (level 1), as the prior score, and to school level (level 2), as a

3HLM: Hierarchical Lineal Models
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group effect captured by the average of the prior score, see Figure 1.4.

Yy
T
X;

Figure 1.4: Relationship among Post score (Y;), Covariates (X ;;) and school effect (6,) in
a standard HLM model

Moreover, the random school effect is not correlated with the covariables. Con-
sequently, we assume that the test scores between students given the school effect are
independent, this assumption is called axiom of local independence (Lazarsfeld, 1950).
This way, if denote by X ;r = (X1j,...,X,,;)" as the design matrix covariates of dimen-
sion n; X K, where K is the number of covariates, then the axiom of local independence
is represented by,

ok, Yij | X, 0

for each school j. The model structure is linear, then it is assumed that the expected final
individual score depend linearly of covariables and the school effect, i.e, for each student ¢
belonging to school 7, it is assumed that exists a vector of k& parameter, denoted by /3, such
that,

E(Y;;0;) = X8 +6;
which is equivalent to writing

Yij = XiB+0;+e;

where ¢;; is the idiosyncratic error, that are independent across students and school.
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Structural model

Denote by Y;-r = (Y1,...,Yn,;) the vector of scores in outcome of school j, then

the model multidimensional of school j is write as,

Yj = X],B + anej + €j

where 2, = (1,..., 1)" is a vector of ones of dimension n;. Now, the model multidimen-

sional of all school can be written as,

Y=XB+LO+e

such that, L is a matrix of dimension N x J with entries 0 and 1 (see Appendix), where
N = >/, n; total number of students, Y = (Y,...,Y ;)" is the vector of scores
in outcome of all student. Similarly, X = (X ,..., X )" is the matrix of covariates
of dimension N x K, and @ = (6,...,0;)" is a vector of dimension J. Thereby, the

structure of model assumes the following conditions;
Assumption 1 : Exogeneity,

The covariates matrix X is independent of vector random effects 6.
Cov(X,0)=0

Assumption 2 : Independence of random effect,

The 0;’s are mutually independent and their distribution for each j is,

0 i~ N (O s 7'2)
Assumption 3 : Distribution and Homoscedasticity of the idiosyncratic error,

The €;’s for each j are mutually independent with common distribution,

€ij ™~ N(O>IN02>
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1.2. STANDARD HIERARCHICAL LINEAR MIXED MODEL, TWO LEVELS

with o > 0.
Assumption 4 : Local Independence

The local independence corresponds to

ALY | X, 005

1<i<n,

as it was seen previously.

Thus considering these four assumptions, HLM model is specified as follows,

}/;jNN(Xij,B+9j;02>, izl,...,nj, (133)
where X;; is a covariates matrix of dimension n; x K, 8 € RE, n; is the number of
students in the school j and o > 0.

@0, 1L X3 (i) 0; ~~ N (0;7°) (1.3b)

with 72 > 0 and (X ;) is left unspecified.

1.2.2 Parameter identification

The structural of model given by (1.3a) and (1.3b) explains the data generating
process that is characterized by the conditional distribution of (Y';) given X ; for j € J,

which correspond to a nj-multivariate normal distribution, such that,

YiIX; ~ N(X;8; 0L, + "2,

n;
Recalling that the mean and the variance-covariance matrix of a multivariate normal
distribution are identified, we have that,

1. AsE (Y ;| X)) is identified then X ;0 is identified, this way if the matriz X ; is the
complete rank, ie r (X ;) = K, then the parameter 3 is identified.

2. From Var (Y;;| X ;) and Cov (Y ;;, Y ;| X ;) fori # k 72 and 0 become identified.
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1.2.3 Definition of Value Added

Using the definition of value-added in a model, equation (1.2),
1 & 1 &

VAj=—> E(Yy|X;,0;) — — > E(Yy|X))
Ny i=1 Ny i=1

under the HLM model, E (Y;;| X ;,6;) = X8+ 6;, and E (Y§| X ;,) = X/ 8.

This way, the value added of a school 7 under HLM models is equal to school effect,

Estimation of school effect

For the prediction of random effect is used the empirical Bayes prediction in which
the unknown parameters are replaced by their estimators ( see next section 1.2.4, for the
estimation of parameters). It is used the following identity, equation (1.4), which is valid
under the linearity assumption of the conditional expectations; E (Y| X, 0) and E (9),
(Florens, Marimoutou, & Péguin-Feissolle, 2007, see)

E(6;]Y;, X;) =E(6;|X;) + Cov (8,,Y;|X,) [V (Y;|X,;)] " (Y; —E(Y;|X,))
(1.4)

Therefore, using the prior expression (1.4), the prediction the school effect corre-

spond to,

2

E(0;Y;, X ;) = [T] v, (Y;— X;B) (1.5)

0% 4+ n;T?
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1.2.4 Parameter Estimation

To facilitate the calculations of the parameters estimates, we rewrite the conditional

distribution of score given the covariates as follows,

Y =X3+e, where e=L,0+¢ (1.6)

Vo,
LetV(e|lX)=V,and V = ,such that V., = 2,2, 72 + oI,
\

J

foreach j = 1,...,J, such that

V =Qo*+ PD?*P'7*+ PDP'o?
so that @ is called Within-operator, and P is called Between-operator, see Appendix A.1.
1) Fixed effects estimators, 3

(a) Ordinal least squared (OLS)

Using the equation (1.6) and OLS,

- -1
Bows = (X'X)  (XTY). (1.7)
But, the two following properties are necessary for use OLS;

Assumption OLS.1 E(X"e) =0
Assumption OLS.2 rank(X"X) = K is of completed rank

Assumption OLS.3 E(ee') = 021y
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Properties of Bo LS

(@)

(ii)

b (%) ()

. . T . . 1 T -1 p 1
using Assumption OLS.1, X' X is not singular then (NX X) — A7,
where A = E (XTX) Further, under Assumption OLS.2, plvm (%XTe) =
E (XTe) = 0, plim means probability limit. Therefore, by Slutskys theorem

~ P .
Bors = B+A0
Then, B is a consistent estimator of 3.

The asymptotic distribution is derived by

VN (Bows — ) = (3X7X) (&x%)

-1
where, (%XTX> — A7! = 0p(1), and by theorem central limit

D .
(\/LNXTe) — N (0; B). This way,

VN (Bows — B) = A (jﬁx) + op(1)

because (ﬁXT@ op(1) = op(1). Now, if Assumption OLS.3 is satisfied,

i.e. V = Io? then,
VN (Bors —B) “N(0; A7 BA™)

where B=V (£X"e) = +X'X,

VN (BOLS - ﬁ) ~N <0§ A_l)

this way
Bors ~N (5; XTX)

However, the Assumption OLS.3 is not satisfied in this model, the data set is
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heteroscedastic thus to estimator of effects fixed by OLS is not suitable.
(b) Generalized Least Squares (GLS)
This methods of estimation have the following Assumptions,

Assumption GLS.1 E(X"e) = 0, that each element of e is uncorrelated with

each element of X.

Assumption GLS.2 Let, V = E(ee'), where V is positive definite and E(XV ' XT)

is not singular.

This way,

Bows = (XTV*lX)il (XTV*lY) (1.8)

Properties of BG LS

5 1 ) /1 _
(i) Beps = B+ (NXTV 1X> (NXTV 1e>
using Assumption GLS.2, X" V~1X is not singular, then

(%XTVAX)_1 Lo A1 where A = E (XTV*1X>. Further, under As-
sumption GLS.1, plim (%XTV_1e> = E (XTV_le) = 0, plim means
probability limit. Therefore, by Slutskys theorem

~ P .
Bars = B+A0
Then, B, is a consistent estimator of 3.

(i1) The asymptotic distribution is derived by

\/N(BGLS - ﬁ) = (;XTV1X)_1 (\/%XTVle>

—1
where, (ﬁXTV_1X> — A7 = op(1), and by theorem central limit
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(£&XTV-le) & N(0; B), with B = £ X" V-IX. This way,

VN (BGLS - B) =A™ (\/%XTV_IG) +op(1)

because (ﬁXTV_le) op(1) = op(1). Therefore,

VN (BGLS - 5) ~N (0; A_l)
Obtaining the GLS estimator 3 requires knowing V', but often this variance
covariance is unknown.

(c) Feasible Generalized Least Squares (FGLS)

In practice, V is typically unknown so that the GLS estimator is not available.
Substituting an consistent estimator V for V, which is readily computed from data,
then

Braws = (X'V'X) " (XTV YY) (1.9)
where V 25 V. Consider the following assumptions,

Assumption FGLS.1 E(Xe) = 0, that each element of e is uncorrelated with

each element of X.
Assumption FGLS.2 Let, V = E(ee'), where V is positive definite and
E(XV ~'XT) is not singular.

By the Weak Law of Large Numbers (WLLN), plim (%eeT) =V, the its natural

N LAAT
parameter is V = (Nee )

Note that under this standard HLM model the V estimator depends of 02 and 72

estimators.

Asymptotic Properties of B FGLS
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VN (BFGLS - ﬂ) = (;XTv1X> - (\;NXTV\Ie>

but, (5XTVle) = (XTVle) + op(1), then with A = (£XTV~IX),

VN (Bpars —B) =A™ (jNXTVle> +op(1)

This way,using Assumption FGLS.2 and Slutsky’s theorem B rFaLs 1S a consistent

estimator of 3 and moreover as we saw in GLS,
VN (BFGLS - 5) ~N (0; A_l)

As we obtain an estimator of asymptotic variance, Avar(BGLS), by using the
— = ~ — -1

consistent estimator of A; Avar(8,,,s) = A™'/N = (XTV‘IX) However

with heterocedasticity this is not robust, Thus, a robust estimator of the asymptotic

variance is

—

Avar(Brps) = (XTVX) T (XTV e VIX) (XTVIX)

2) Estimation variance components

The estimation of variance components is through the method of moments. Then,

Estimation of o2

Apply the W-operator to in the equation (1.6), we obtain the following (see Appendix

A.1 for matricial notation),
QY =QXB+QL,0 + Qe

but Q and L,, are orthogonal. So the within regression correponds to,

QY = QX+ Qe (1.10)
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where,
(a) Var (Qe|X) =QVQ = ’Q
(b) B" = (X'QX)"'X'QY

Now, if be defined € = (Y — X 3" ), then

Qe = QY -XB")
= (@ -QX(X'QX)'X'Q)Y)
= MY

where M = (Q — QX (X'QX)~'X’'Q), such that MM = M and MM = M.
Then, €¥' Q€ = €' Me. This way,

E(e"Me) = u(MV(e)
= r(QV -QX(X'QX)'X'QV)
= 1 (Qo* - QX(X'QX) 'X'Qo?)
= o*(N—J)—o*(K")

where K* < K is the number of covariates non-zero in the within regression. Therefore,

the estimation of o2 is given by,

o2 = (1.11)

Estimation of 72

The between-regression is formulated of the following way,

PY =PXp+ PL,0 + Pe
where,

() Var (PL,0 + Pe|X) =PV P' =721, +0?D""

32 Maria Inés Godoy Avila



1.2. STANDARD HIERARCHICAL LINEAR MIXED MODEL, TWO LEVELS

® B8 =(X"PTPX)'X P PY
Now, if be defined &® = (Y — XBb), then

Pe’ =TP(L,0 +¢€),whereT = (I, - PX(X'P'PX)"'X"P"), TT =T,
and T'T =T. Then, &"" P" P&’ = (L,0 +¢)"P'"TP(L,0 + ¢€) and

E(eTPTPE") = tr(TVar(P(L,0+¢))) = ~tr (T) + 0% (TD ")

J
= 73(J - K*) +o? (Z(l/nj) - K***)

J=1

Thus be have,

. (Y - XBb>T PP (Y — XB”) _ 52 (23421(1/7%) _ K***)
T J—K*

(1.12)

where,
K= =u{(X"PTPX)'X'P'D'PX}, and
K =u{(X"P'PX) (X "P'PX)}

1.2.5 Summary of the Estimation Process

1. When the process starts 3 is estimated by equation (1.7), OLS.
o~ —1
Bors = (X'X) " (XTY).

2. Completed steps 1, be must estimate the Within Residual of the model (1.6). Then,
it is estimated o2 by the equation (1.11), ie

L (Y-xB") o(v - xp")
N—J—K"
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3. Completed steps 1-2, be must estimate the Between Residual of the model (1.6).

Then, 72 is estimated by the equation (1.12), ie

(Y = XBb>T PP (Y -X Bb> —o? (S (/) — K7)
Y

T2 =

4. Completed the steps 1-3, it is possoble calculate the estimation of V.

V =Qo¢’+ PD’P'72+ PDP'o?

5. Using the results of step 4, the estimation of 3 is recalculated by equation (1.9), i.e.

by feasible generalized least squared,

Brars = (X'V'X) " (X'VY).

1.3 Some comments

In the context of school improvement is possible and important develop new sophis-
ticated techniques on modeling of value added, considering the associated problems in the
fit of educational data and thereby get results more accurate and and reliable not forgetting
of ensure the performance of its assumptions for a correct interpretation. Nevertheless the
modeling is not the only relevant since the covariates play an important role in any current

methods associated to value added school.

The choice of covariates as well as their meaning is highly dependent on the policy
context under which a value added analysis is required, as well as on the social context in
which an educational system is organized. The consequences of this paradigm are at least

the following:

1. The criteria to choosing covariates should be policy-driven. There does not exist

universal covariates that we need to include in a value added model.

2. Covariates are not included in a value added model to ensuring a more reliable

estimation of the effectiveness of a school. Covariates define the context under

34 Maria Inés Godoy Avila



1.3. SOME COMMENTS

which a school effectiveness needs to be understood.

3. The role of the covariates in a value added model needs to be delimited with respect
to the school effect. Their endogeneity or exogeneity character depends on the

school context (in particular, the type of available data).

4. Covariates also allow us to define subgroups of schools. These subgroups need to be
considering when the school value added is estimated. The way in which this can be

done is through heterocedastic models.

5. Practices of effective schools are not automatically transferred. Although we control
by similar characteristics, the level of such characteristics need to be taken into

account before arguing transferability.
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Chapter 2:

Endogenous
Value-Added Models

for Subgroups of Schools

This chapter focuses on the problem of endogeneity in some educational data,
where it is developed the general structure of a endogenous value-added model and the
Jjustification of its specification, beside to the identification the interest parameters, and
also it is explained estimation process. Furthermore, this chapter shows a simulation study
which compares this model proposed with a standard HLM model. Finally an application
in chilean educational data, SIMCE 2009-2013 with 4th and 8th grade respectively.

2.1 Introduction

The Value-added models are typically specified through hierarchical linear mixed
(HLM) models (this is discussed in the Chapter 1, Introduction), where the dependent
variable corresponds to examinees’ test scores (called contemporaneous scores), and the
vector of covariates or explanatory factors is assumed to be exogenous with respect to the
school effect. This exogeneity condition is characterized through a zero correlation between
the school effect and the explanatory factors; see Snijders and Bosker (1999). A lagged
score is typically included among the exogenous explanatory factors. The school effect
is in turn characterized by means of the Axiom of Local Independence, namely, for each

school, the examinees’ contemporaneous scores are mutually independent conditionally on
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both the covariates and the school effect. This last condition means that the school effect
explains the heterogeneity of the contemporaneous test scores that it is not explained by

the covariates.

Although in practice this type of models is widely used, not necessarily the exogene-
ity of the covariates is guaranteed in each real situation. Thus, for instance, as argued by
Spencer and Fielding (2002) and Manzi et al. (2014), the lagged score can be endogenous
by design in the sense that this score is measured affer the school has treated students. In
this case, the lagged score measure already contains the school effect and, therefore, the
non-correlation between the lagged score and the school effect is questionable. For real
examples, beside the case study reported in this chapter (section 2.4.2) , see Gansle, Noell,
and Burns (2012). When this is the case, HLM models need to be extended to what we

call endogenous value-added models.

Before making explicit the underlying structure of endogenous value-added models,
let us make precise the endogeneity problem sketched above. The contemporaneous score
of pupil 7 belonging to school j is denoted as Y;;, whereas the corresponding lagged score is
denoted as Z;;. Assuming that a school j groups n; pupils, let Y; = (Y;,...,Y,,;) " and
Z;=(Zy,...,Zy,;)". Similarly, let X; = (Xy;,...,X,,;)", where X; corresponds
to a vector of explanatory exogenous variables related to pupil ¢ belonging to school j.
Finally, let 6; be the school effect corresponding to school j € {1,...,J}. The structure

of a standard value-added model is summarized by the following conditions:

1. For each school j, {Y;; : i = 1,...,n;} are mutually independent conditionally on
(Z;, X, 05)-

2. For each school j and each pupil 7 in school j, the distribution of Y;; depends on
(Z;,X;,0;) through (Z,;, X;;,6;) only. This condition, along with the previous

one, are known as the Axiom of Local Independence.

3. For each school j, the explanatory factors (X ;, Z,) are uncorrelated with the school
effect 0;.

The endogeneity problem arises when by design the lagged score Z;; is correlated with the

school effect. In this case, Z;; is termed an endogenous variable.

It is known that an endogeneity problem leads to biased estimators. A standard

strategy to solve the problem is through an instrumental variable approach Kim and Frees
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(2007); Wooldridge (2008). An instrumental variable W ; is typically characterized by
the following three conditions:

i W ; is uncorrelated with the school effect 6;;
i1 W is correlated with the endogenous variable Z;;;
iii W, is uninformative to explain Y;; once we condition on (Z;;, X ;;, 6;)

To ensure model identification, the number of instrumental variables should be at
least equal to the number of endogenous variables. For a general discussion on instrumental

variables, see Angrist and Krueger (2001).

2.1.1 General Structure of Endogenous Value Added Models

A standard approach to specify structural models (as value-added models) is through
a recursive decomposition of the underlying global mechanism into an ordered sequence
of simpler sub-mechanisms, each one involving an endogenous variable and exogenous
variables. In a first stage of statistical modeling, this recursive decomposition should be
based on conditional distributions rather than on (linear) equations relating variables. By
doing so, not only it is shown why “endogeneity” and “exogeneity” are not ‘“permanent”
features of variables, but it also displayed the level at which maintained hypotheses should
be introduced. These hypotheses, as the order in which the recursive decomposition should
be performed, are justified by contextual considerations; for details, see Mouchart, Russo,
and Wunsch (2010) and Wunsh, Mouchart, and Russo (2014).

Let us make precise those considerations in the context of value-added models
as sketched in the previous section. The aim is to show that the instrumental variable
approach used to solve the endogeneity problem, corresponds to a new model specifica-
tion that takes into account that both lagged and contemporaneous scores are generated
by both the school effect and (possibly) other exogenous covariates. We assume that
{(Y;,Z;, X;,W;,0;)) : j =1,...,J} are mutually independent, which means to con-
sider schools acting independently between them. Each vector (Y ;, Z;, X ;, W, 6,) is
specified by the family of multivariate distributions

{po‘(Yj,Zj,Xj,Wj,Hj) : OzGA}, j=1...,J (2.13)
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representing the underlying global mechanism of interest; here, o denotes the parameter

indexing such distributions, while A denotes the corresponding parameter space.

A recursive decomposition of (2.13) requires substantive considerations to select
the sub-mechanisms of the decomposition. In the case of school effectiveness, both the
prior scores Z; and the contemporaneous scores Y ; are due to two sources: the school
and the covariates that are far from the control of the school. Consequently, (2.13) should

be decomposed as follows: for each school 7,

p(Y;,Z5, X5, Wi, 0;) =p™ (Y, Z; | X5, W5,0;) p™(0; | X, W) p™ (X, W),
(2.14)

each component of the right hand side having mutually independent parameters, that is,

a = (ag,a9,a3) € A} X Ay X As. (2.15)

Under condition (2.15), the decomposition (2.14) corresponds to a recursive decom-
position and, therefore, the conditioning variables of each term are the exogenous variables
of their corresponding component. More precisely, condition (2.15) is a condition ensuring
that the parameters o, ay and a3 are variation-free, that is, no restriction links those pa-
rameters. It ensures, therefore, that the inference on the parameter «; can be based on the
conditional distribution p** (Y ;, Z, | X ;, W, 6,) only, being the distribution generating
(X, W, 0;) noninformative for such an inference; for details, see (Barndorff-Nielsen,
1978, Chapter 4). In other words, the generating mechanism of (X ;, W, 6,) does not
contain any relevant information about the parameter ¢, which means that (X ;, W, 0;)
are “exogenous” with respect to the parameter o;. In a similar sense, the variation-free
condition between a, and a3 ensures that (X ;, W ;) are exogenous with respect to the pa-
rameter «, indexing the conditional distribution p®2(6; | X ;, W ). It should be remarked
that model specification should be performed in such a way that the validity of condition

(2.15) be guaranteed by construction.

Remark 1 The concept of variation-free parameterization has been used to define exo-
geneity in a rigorous way; for details and discussion, see, among others,Engle, Hendry,
and Richard (1983), Hendry and Richard (1983), Florens and Mouchart (1985), Florens et
al. (2007), Spanos (1994).
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Model specification is completed by assuming the Axiom of Local Independence,
namely that {(Y;;,Z;;) : ¢« = 1,...,n;} are mutually independent conditionally on
(X, W ,,0;), and that, for each pupil 4, the distribution of (Y;, Z;;) depends on (X ;, W ;, 6;)
through (X,;, W;,6,) only.

One component of the previous specification, namely p* (Y ;, Z; | X;, W, 6,), is
still decomposed in two subcomponents because in value-added analysis the lagged score
is typically considered as an exogenous explanatory factor of the contemporaneous score.

More precisely, for each school 7,
p(Y 5, 25| X5, W50, = p™1(Y 5 | Z5, X5, W5,6,) p°H(Z5 | X5, W,6,), (2.16)

where
12 1 2
a; = (a,07) € A; x Af. (2.17)

In order to make explicit the specific role of the explanatory factors X ; and W ;, the

following maintained hypothesis is typically introduced:
YJJ_LW]|Z],XJ,9J, jzl,,J, (218)

that is, once we condition on (Z;, X ;,6;), the explanatory factor W; is redundant to
explain the contemporaneous scores Y ;. Under this condition, (2.16) is equivalently

rewritten as
p(Y 5, 25| X5, W50, = p™i(Y5 | Z5, X5, 0,) (25 | X5, W5,0;)  (2.19)

foreach 7 =1,...,J, and the Axiom of Local Independence above introduced is equiva-

lent to the following conditions:

ALI1. For each school j, {Y;; : i = 1,...,n;} are mutually independent conditionally on
(Z;,X;,0;); and for each pupil 7 in school j, the distribution of Y;; depends on
(Z;,X;,0;) through (Z;;, X,;,0;). This corresponds to assume the Axiom of Local
Independence for the conditional model (Y, | Z;, X ;,0;).

ALI2. For each school j, {Z;; : ¢ = 1,...,n;} are mutually independent conditionally
on (W, X ;,0;); and for each pupil 7 in school j, the distribution of Z;; depends
on (Wj, Xj, 9]) through (W

ii» X ij, 0;). This corresponds to assume the Axiom of
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Local Independence for the conditional model (Z; | X ;, W, 6;).

Summarizing, the general structure of endogenous value-added models is made

explicit in the following recursive decomposition: for each school 7,

P (Y, Zj, X5, W;,0;) =
(2.20)
Otl a2 (03 (63
=p (Y, | Z;, X;,0;)p™(Z; | X;,W;,0;) p™2(0; | X;,W ;) p™(X;, W),

where
a=(a7,a],a3,a4) € A} x AT x A3 x Ay. (2.21)

Model specification is completed by conditions ALI1 and ALI2. The recursive
decomposition (2.20)-(2.21) can graphically be depicted through the following directed
graph:

Figure 2.1: Structure of endogeneity problem using an instrumental variable approach

Following the structural equation modeling approach, the observed or manifest variables
are represented by rectangular or square boxes, whereas the unobservable variables are

represented by circles or ellipses; see Bollen (1989).

The so-called instrumental variable approach can be embedded in this structure. In
particular, the three conditions defining an instrumental variable are captured in a general
form. In fact, the exogenous character of the instrumental variable with respect to the
school effect is captured by the variation-free property (2.21); the dependency between the

instrumental variable and the endogenous variable Z;; is captured by the second component

44 Maria Inés Godoy Avila



2.1. INTRODUCTION

at the right hand side of decomposition (2.20); and, finally, the non-informativeness of the
instrumental variable with respect to Y;; once we “control” by (Z;;, X,;, §;) is captured by
condition (2.18). Consequently, an instrumental variable approach consists in specifying a
value-added model taking into account a substantive aspect, namely that both the lagged
score and the contemporaneous score are generated by both the school and factors that are

far from the control of the school.

Model Specification

For the practical computation of the school value-added, it is necessary to specify the
different components of the recursive decomposition (2.20)-(2.21). Special attention should
be focused on the compatibility between the corresponding sub-models specifying each
component of decomposition (2.20) and the variation-free parametrization property (2.21).
Manzi et al. (2014) accordingly propose the following specification for heteroscedastic
hierarchical linear instrumental mixed (HHLIM) models, where the heteroscedasticity
intends to capture specific social and/or contextual characteristics grouping schools, as for
instance the socio-economic status of a school: it is firstly assumed that, for each school j,

ALI1 and ALI2 are valid. Under these structural hypotheses, for each school j,

(Vi | Zij, X35, Wij, 0) ~ N (XSB+ ZJy +05,0%,), i=1,....n;, (2.22a)

JrYp(g

for some B € R*1, v € R"2 and 07, > 0. The function p(-) groups the school according
to a social or contextual characteristic. In the case study discussed in Section 2.4.2, this
characteristic corresponds to the socio-economic status (SES) of the school that it is
divided in 5 categories, from A to E being A the lowest SES. Thus, the function p(-)
is defined as follows: p(j) = A if the SES of school j is A; p(j) = B if the SES of
school j is B; and so on. In the sequel, the function p(-) will be called the grouping
school function. Note that in this specification we are assuming that the explanatory factor

Z; is K>-dimensional, whereas in the conceptual discussion developed previously it was
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assumed to be unidimensional;

(ZZJ ’ Xij7 WZ],GJ) ~ NK2 (ATXU + HTW” + (59] ZKQ, ¢p(j)) 5 Z - 1, “e ,nj
(2.22b)

with A = (ay) a Ky x K, matrix of real coefficients, H = (n;;) a L X K5 matrix of real
coefficients, d > 0, ® ;) = diag(d7 (), » Pk, () 1 @ K2 x Kj diagonal matrix (= is

used to denote a definition), and vk, a K»-dimensional column vector of 1’s;
@) 01X, W,); i) 0, XN (0,72, (2.22¢)

with Tp2( H >0 and, finally, the distribution of (X ;, W) is left unspecified.
Let us explain how the variation-free property is ensured in this specification:

1. Condition (2.22c.1) automatically implies the variation-free property between the
parameters indexing the distribution of (X ;, W ;) and those indexing the distribution
of 6;. This not only ensures that (X ;, W ;) are exogenous with respect to the school

effect 0;, but also explains why their distribution is typically left unspecified.

2. Conditions (2.22b) and (2.22c) correspond to a marginal-conditional decomposition
of the joint distribution of (Z;;, #;) conditionally on (X ;, W ;). In this case, it can
be verified that the parameters (A, H, §, ®,(;)) and 7,(;) are in variation-free; for a

proof, see (Engle et al., 1983, Example 3.1).

3. By asimilar argument, it can be stated that the parameters (3, ~, ai( ;) and (A, H., 0,
®,;)) are in variation-free and, therefore, (Z;;, X;;, W,;,0;) are exogenous ex-

planatory factors of Y;;.

Remark 2 Specification (2.22a), (2.22b) and (2.22c¢) is not the only one which ensures a
recursive decomposition of the joint distribution generating (Y ;, Z;;, X,;;, W;,6,). Two

other possible specifications are the following:

1. Condition (2.22c¢) can be replaced by assuming that the conditional distribution
of ; given (X ;, W ;) is normally distributed and that (X ;, W ;) is also normally
distributed.

2. Specification (2.22a), (2.22b) and (2.22c¢) can be relaxed to a specification assuming

that conditional expectations are linear functions of the conditioning variables. In this
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case, the marginal-conditional decomposition of (Y ;, Z;;, X;;, W;, 6,) reduces
to compute both conditional expectations and conditional variances of the sub-
components at the right hand side of decomposition (2.20). The properties of linear
conditional expectations ensure a free-variation parametrization; for an exposition

of those properties, see (Florens et al., 2007, Chapter 7).

Value Added Under HHLIM Specification

Manzi et al. (2014) define the value-added of a school as the difference between two
conditional expectations: the first one corresponds to the conditional expectation of the
contemporaneous score Y;; given the exogenous explanatory factors and the school effect.
The second one corresponds to the conditional expectation of the contemporaneous score
Y;; given the exogenous explanatory factors only; it is obtained after integrating out the
first conditional expectation with respect to the school effect. This explains why the second
conditional expectation corresponds to the expected score in the “average” school. Using
the specification (2.22a), (2.22b) and (2.22c), the value added of school j is accordingly
given by

. 1 nj 1 j
VA; = > E(Yy | Ziy, Xy, Wi 0) = — > E(Yy | Zij, X, W)

N =1 7=
1
= 0 — fZE(Hj | Zij, Xij, Wij)

J =1

because

= X B+ Zy+ E0;] Zij, Xij, W),

It can be seen that the value-added of a school is not longer equivalent to the school
effect, but corresponds to the school effect corrected by an additive term. This term is
the “part” of the school effect that is explained by the covariates. Consequently, the
school value-added is precisely the “part” of the school effect that is not explained by

the covariates: not only by those covariates that are under the control of the school (as
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the factor Z;; in (2.22b)), but also by those covariates that are far from the control of the

school (as the factors (X ;;, W;) in (2.22c)). This additive term is given by

-1
(49 | ZZJ7XZ], W”> = (57’ ZKZ [(52 p(j)ZK2ZK2 + (I) o(j )} (ZZ] — ATXZ‘]‘ — HTWZ']‘) .

Using Randolph (1988)’s approach, it is possible to compute explicitly the inverse
of §2 7' )l Kol i, T ®(j). By doing so, the value-added of school j reduces to the following
expressmn.

572 1 W

VA, =0, — — N @ (Z,-ATX,, —H W,;).
J J 1+52 2 Z Cbl;?(]) nj; Ko p(j)( J J ])

(2.23)

The parameter ¢ corresponds to the marginal effect of the school effect on Z;;. This
parameter plays a role in the way in which the school effect should be corrected in order
to obtain the school value-added. In particular, under (2.22b), Z;; 116, | X,;;, W, if
and only if 6 = 0. This last condition, along with condition (2.22c.i), are equivalent to

0, 1(Z;;, X,;, W,;), which in turn implies the following statements:

1. E0; | Z;;,X,;;, W,;;) = E(0;) = 0 and, therefore, VA, = ;. The same conclusion
is reached by putting 6 = 0 in (2.23).

2. Y, LW, | Z;;,X,;; that is, at the observed level, the exogenous explanatory
factor W;; becomes uninformative to explain the contemporaneous score Y;; once
we condition on (Z;;, X;;) only. Therefore, the standard HHLM model nested into
the HHLIM is specified by the following conditions: for each school j,

(Yij | Zij, X5, 0;) ~ ( yB+ Zjy+ 05,0 p(J) i=1...,n; (2.249)

i) 0,1(X;, Z)); (i) 0; 5N (0,72;). (2.24b)

2.2 Extended HHLIM Models

The grouping school function p(-) intends to incorporate characteristics common
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to a group of schools in the computation of the corresponding value-added. The specific
way in which those characteristics are incorporated is though variances ai( 1> ®p(j) and
73( ;)» the rationale being that characteristics common to a group of schools are specified
through both within-school and between-school heterogeneity. In the same sense, it should
be asked whether the marginal effect of the school effect on Z;; depends or not on those
characteristics. Thus, for instance, it can be asked if the relationship between the school
effect and the lagged score (which is captured by the parameter d) depends on the grouping
school function p(-). From a substantive point of view, this seems to be relevant because,
in a first approach, the way in which a school affects the lagged scores can be viewed as a

characteristic of a group of schools.

In applications, the variable Z;; is not restricted to a unidimensional factor. Thus,
for instance, in the case study reported in Section 2.4.2, Z,; is a two-dimensional vector,
the first coordinate being the lagged score of pupil ¢ belonging to school j, the second
coordinate being the group effect captured by the average at the school level of lagged
scores. Similarly to the previous questions, it should be asked whether the dependency

between the school effect and each coordinate of Z;; are equal or not.

These considerations lead to extend HHLIM models by considering a multidimen-
sional d-parameter that depends on the grouping school function p(+). In what follows, we

discuss the specification of the model, its identifiability and estimability.

2.2.1 Model Specification

The grouping school function classifies schools into S mutually disjoints groups.
For instance, schools can be grouped according to their socio-economic status, or to a
geographical zone. If the set of groups’ labels is denoted by S, the grouping school
function is defined from {1,...,J} to {1,...,S}asj € {1,...,J} — p(j) = s €
{1,...,S}. Therefore, the function p(-) induces a partition {7y, ..., Js} on {1,..., J},
where S = card(S) and J, = card(J;), namely

S

UZ=J, TNIJy=0 whens+#s.

s=1
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Accordingly, let Y ) be the contemporaneous test score of student ¢ belonging
to school j € J,. Similarly, we denote as (Xz(j), WS), Z(S)) € RE1 x R x RE2 the
explanatory factors associated to pupil ¢ belonging to school j € 7. The school effect of

school j € J, is denoted as Hj(-s). For each school j € J, withs =1,...,S.

Extended HHLIM models are specified as follows: It is firstly assumed that, for
each school j € J,, withs =1,..., 5, ALI1 and ALI2 are valid. Under these structural
hypotheses, for each school j € J,, with s =1,...,.5,

V5 1 29, X9 W0~ N (X B+ 2 Ty 40 02), i=1,. 0

LV LV L/ j7s s Tl

(2.25a)

for B € RE1, v € RE2 and 02 > 0;

(23 | X)W, 0) ~ N, (ATXS + H' WS +096,, @), i=1,. 0

Z] ) Zj Y J 9 J b

(2.25b)

with A = (ay) a Ky x K, matrix of real coefficients, H = (7)) a L x K5 matrix of
real coefficients, &, is a Ky-dimensional vector with non-negative components, ®, =

diag(¢3,, -+, %,,) is a Ky x K, diagonal matrix;
@ 07 (X W) i) 657 2N (0,72), (2.25¢)

with 72 > 0. Finally, the distribution of (X {), W")) is left unspecified.

In this specification, the k-th coordinate of the vector 0s; (k=1,..., Ky) captures
the marginal effect of school j € J; on the factor VA ik This marginal effect is specific to
each group of schools, that is, d, is in principle different from 8, for s # s. It should be
remarked that if §; = § 1k, for all s, specification (2.25a), (2.25b) and (2.25¢) reduces to
the HHLIM given by (2.22a), (2.22b) and (2.22c). Similarly, if d; = 01x,, specification
(2.25a), (2.25b) and (2.25c¢) reduces to the HHLM given by (2.24a) and (2.24b).

Under specification (2.25a), (2.25b) and (2.25¢), the value-added of school j € J;
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is given by
n'®
() _ pls) 2 25 &T -1 13 () AT x(® Ty (s)

~

J
2.2.2 Parameter Identification

Following the conceptual discussion developed in Section 2.1.1,the structural model
given by (2.25a), (2.25b) and (2.25¢) intends to explain the generation of both the con-
temporaneous and lagged scores conditionally on the exogenous explanatory factors.
More precisely, the data generating process is characterized by the conditional distribu-
tion of (Y§S)T, (V€C(Z§S)T))T )T given (X §S), Wgs)) for j € J,, which corresponds to a

n§s) (K5 + 1)-multivariate normal distribution of conditional mean equal to

() (s) ()
X8+ (X;7A+W,"H)y

, (2.27)
vec (AT ng)‘l') + vec (HT W;s) T)
and conditional variance-covariance matrix
Ly @y 2y Ovec(zT)
J J J J
(2.28)
Evec(zgs)T)YﬁS) Evec(z;s)T)veC(Z§.S)T)
where
Dyyo = (v ®,y + af)Ings) + 28]y + 1)2Jn§s); (2.29a)
_ 2 T.
EVCC(Zés)T)VeC(Zg.s)T) = Ings) QP+ Jn§s) ®T:0:0,; (2.29b)
EVGC(Z;SW)Y;S) — 1n§s> Q Py + Jn§s> @728y +1)d,; (2.29¢)

and J () = (92, For the computation of E [Vec(Zg»S)T) | X 5-8), Wg-s)], we use the
J 7"y
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identity vec(BCD) = (DT ® B)vec(C)withB=A",C=X®T and D = I .

The parameters to be estimated are the regression coefficients (8, v, A, H, d;) for
s = 1,...,5, and the variances (02,73, ®,) for s = 1,...,S. In order to show that
these parameters are identified, recall that the mean and the variance-covariance matrix
of a multivariate normal distribution are identified. Therefore, it is enough to write

(8,7, A H, a2,
each school j € J,,withs=1,...,S.

73, ®,, 8,) for s =1,...,5 as functions of them. As a matter of fact, for

1. By standard arguments, from £(Y; | X ; (=) W( ), we identify 8 —i—A'y and H ~ pro-
vided that /[( X\ W) = K\ + L. Similarly, from E[vec(Z{"") | X, W],
we identify A and H. Therefore, =y is identified provided that r (H ) = K. Taking
into account that v and A are identified, 3 is finally identified. Note that the condi-
tion r(H) = K, implies that Ky < L, that is, the number of instrumental variable
is at least equal to the number of endogenous variables, as it is typically required in

econometrics Wooldridge (2008).

2. From Var(vec(ZT) | X(S W( ) and cov(vec(Z(S) ), Vec(Z,(fj)T) | X9 W)y
fori # k, 72535T and ®, become identified.

3. From Var(YY | X%, W) and cov(v,?, v | X W) for i # k, and

ij
using the 1dent1ﬁab1hty of v and P, it follows that o2 is identified.

4. From cav(vec(Zgj)T) | X (=) W( ), and using the identifiability of 728,45,
®, and ~, it follows that 73255 is identified.

5. Using the identifiability of 728, and 72,8, , and assuming that &, # Ou,, it

follows that 242
o s sk o
O = 25, k=1,.... Ky

are identified. The identification of 72 is a direct consequence.

6. Finally, the parameter 6, = 01, is identified in the sense that the multivariate
normal distribution of (Yg»S , (vec(Z; (S)T)) )" given (X (<) W )) under the con-
straints 0, = 01, is different from the multivariate normal distribution under the

constraints &5 # Oug,.

This identification analysis shows that the statistical model corresponding to the con-

ditional multivariate normal distribution of mean given by (2.27) and variance-covariance
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matrix given by (2.28) can be used to estimating d,’s such that 0, # 01, . For the case
s = 0ug,, the corresponding nested model is given by the specification (2.24a) and
(2.24D).
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2.2.3 Parameter Estimation in HHLIM Models

(i) Fixed Effects Estimators, second level of hierarchy ( A and H)

From the equation (2.25b), one can write the following equality

ZY =ATXY + HWS + 005, +e?)

where, (—:Z(j) ~ N, (0,®,), i=1,... ,n§s) and (9](-8) ~ N (0,72). Now, by school

29 = XA WOH 41060057 4

with egs) = (eg“;'»), o efi)s)j)T. Finally, we can write,
w(0(1))
Z=WZF+mn, where n= : + €, (2.30)
w(g(s))
955)1-”53)
such that w(0®)) = (ZNS ® 5:) F=(A"H"T,

€ 1L 6, and W was defined in the previous section (ii). Furthermore, 17, = w(0)) +

€,, whose expected value is zero and variance R, where
R, = Iy, ®®,+P]D!P,® (726.4])
= Q,©%,+P/D.P,®®,+P/D'P.®(725,6]) (231)

Then
vec (ZT) = vec (FTWT> + vec (nT) , (2.32)

where vec (nT> is normally distributed with mean equal to O and variance-covariance
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matrix R = diag (Ry, -+, Ry).

Using the identity vec(AB) = (B' ® I) vec(A), (2.32) can equivalently be rewritten
as
vec (ZT) = (W ® Ig,) vec (FT) + vec (nT) . (2.33)

Under the restriction that 7(W) = K; + L, vec (FT> can, therefore, be estimated as

-1

vec </F\T) = [(WT ® IKQ) R'W® IKQ)} (WT ® IKQ) R 'vec (ZT> :

=T
Asymptotic Properties of F’

In the estimation process of F' through generalized least squares (GLS), it was
assumed that,

Assumption 3 Since equation (2.32), we can say the orthogonality condition for
consistent estimate of vec (FT> by GLS.

E((W'@Ik,)@vec(nT)) =0.

this means that each element of vec (n) is uncorrelated with each element of V.

-
Assumption 4 R is positive definite, E <(WT ® IK2> R (WT ® IKQ)) is

nonsingular and its rank is K1 + L

Under Assumption3 and 4 one can write,

-1

Vec<F\T> = E((WT®IK2)TR1 (WT@IIQ))

E ((WT ® IK2>T R 'vec (ZT)) :
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Then,

e (F7) = (z (
o

-1
= vec (FT)+ (Nl zJj W e I,) Ry (WS @ IK2)>
j=1

-1
0T @ IKQ)T R (W @ IKQ))
(

J

14%
WO o 1) Ry vee (z;s>T))

J T T
(Nl S(WPTeIy,) Rj've (ng.s> )) . (2.34)
j=1

- _ T T T
Now, if we define A = E ((w ©Iy) R (W' e IKQ)), then by Weak Law
of Large Numbers (WLLN)

J
(N_l >SWPe IKQ)T R;' WP @ IK2)> PoA when N — oo

Jj=1

and by Assumption 4 and Slutsky’s theorem,

J

-1
(N_l XJ: (WES)T ® IK2>T R;! (WES)T ® IK2>) A" when N — oo

j=1

similarly, under Assumption 3 it can be shown that when N — oo
J - -
(Nl > (ngg)T ® IKQ) Rj_lvec (ngs)T)) 5 E ((VVT ® IKQ) R 'vec (nT>> =0
j=1

because,
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vec (E ((VVT ® IK2>T R 'vec (nT)>> =
= F (Vec (nT)" ® (VVT ® IK2>T) vec (R_l)

= B((vecnT) & (W @ I.)) ") vec (R

=0 under Assumption 3.

Therefore
vec </P\’T) L vec (FT) , when N — o0

Asymptotic Normality

Using equation (C.1) one obtains the following

VN (vee (') = vee (F7)

S~
I

(Ni > (VV;S)T ® IKQ)T R; 'vec (ngs)T>)

-
but, by theorem central limit (TCL) (N -3 3’:1 (W§-S)T ®1 K2) Rj’lvec <n§-s)T)> EEN
N (0, B), where

B=FE <(VVT ® IKQ)T R 'vec (nT) vec (nT)T R! (WT ® IK2)> and as we

- 1
saw previously (Nl > (WgS)T ® IK2> R;' <W§~S)T ® IK2)> LA,

J J

T -1
then (N1 S (WP T el,) Ry (WY e IK)> — A =0,(1)
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VN <V€C (F\T> — vec (FT>) =

L T T

Thus,

VN (vee (F7) —vee (F7)) & W (0,47'BA™)

and the asymptotic variance of vec </F\T> corresponds to Avar <VCC </F\T>) =
AT'BAY/N

Feasible GLS estimation of A and H

But often one do not know the variance-covariance matrix R, then, one replace the

unknown matrix with a consistent estimator of R.
. = P . . .
Assumption 5 R — R, when N — 00, is a consistent estimator.

To obtain a feasible GLS estimator first thing you should do is an estimate by OLS

. . =T . . .
of vec (FT), which we will denote by vec (F ) that is a consistent estimator
OLS

of vec (FT) under Assumptions 3 and £ (WTW> is nonsingular and its rank is
K; + L. Now, by WLLN, when N — oo

(N_l i vec (ngs)T) vec (n§S)T)T> 5R
=1

OL.

S .\ T
then an estimator for R is R = (N Yl vec <n§-s) T) vec (ngs) T) ) , where
OLS S

vec (ngs) > = vec (ZT) — (W ® Ig,) vec </F\T) are the OLS residuals.
OLS OLS
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(ii)

This way, given /R the estimation of vec (FT> 18
vec (F\T> = {(WT ® IKQ) /R\i1 (W ® IKQ)] - (WT X IKQ) /R\ilVeC (ZT) .

we show that GLS is a consistent estimator, now as R converges to R, this last

estimator is also consistent estimator, see Wooldridge (2002).
Fixed Effects Estimators, first level of hierarchy (3 and ~)
Equation (2.25a) can equivalently be rewritten as

VW = XT84+ 20Ty 46 4 ul)

where ufj) ~ N (0,02), and 6’](5) ~ N (0,72). Now, by school the data vector corre-
sponding to Yg-s) = XE.S)B + Zg-s)'y—i-z (g)Qj(-S) +u§-s), with egfs) = (ug‘;), a0,
5 n;J

whit ugs) 1 (9](-8). Thus one can write,

Y =Xnte, (2.35)

such that, 7 = (8" 4")" and X = (X Z). In this way we can define a new model,

WY =WXxnr+W'e

Then, to estimate 7r it is necessary to specify some restrictions:

Assumption 6 The model specification implies the following system of K; + L
moment restrictions:
EWT (Y - x¢)| =0

That is orthogonality condition.

Assumption 7 As Assumption 6 in not enough to identify . An condition sufficient

for identification is the rank condition. Then,

rW'TX) = K| + Ky, OW'W) = K, + L, therefore, necessarily the rank
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condition correspond to Ko < L.
These conditions are ensured by the identification analysis; see Section 2.2.2.

Considering the Assumption 6 and 7, one can use the White’s (1980) approach to

estimate 7,

7= (Avasch)’1 XTWSW'Y (2.36)

where S = VOW'e) = WTV(elX, WW = W VW and X TWSW'X

is nonsingular, and identifiability condition is that the range of X' WSW' X is

complete. It should be remarked that S depends on 72, 02,8, ®,fors =1,...,S,

S S

and =, since

Var (e(s)) =Q,(v'®A+0)+P.D P (v ®~+52)+P.D*P72(5]v+1)?
(2.37)

Asympotic Properties of 7

As we saw in the item i, The estimation of 7r, is obtained by a estimation of S, such
that

7= (XTWSW'X) AT WEWTY
Assumption 8 S 5 S, when N—oo, and S is a nonrandom, symmetric, (L +

K,) x (L + K,) positive definite matrix.

Then, by Assumption 6, 7 and 8, 7 L . Since Assumption 6 F [WTe} =0,
then N"'W'e — 0, when N — oo, by Assumption 7, C' = E (WTX) has rank
K, + K, and adding Assumption 8 C"SC also has rank K; + K. This way as

- (xTwéwa)*l XTWEW'Y
— (XTW3WTX)_1 XTWSEW e
7w+ (CTSC) " CTSlimy N"W'e

™

=)
1o
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(111)

Therefore,

. P
7 — mw, when N — o0

Asymptotic Normality
Analogous to that developed of the previous section, one find that

VN (7 —m) = ((N"xTW) 8 (N*lex))’l (N'XTW) S (N 2w e)
where (N-12WTe) % N(0,W VW) = N(0,8™"). Then,

Avar (7) = (CSC) ™"

Thus,
VN (7 — ) % N(0,(CSC)™)

Estimators of variance components, Second level of Hierarchy

Estimation of &,
We apply the within-operator @ to equation (2.32) and we obtain

(Q ® Ik,) vec (ZT> =
= (Q®Ik,) W®Ik,) vec (FT) +(Q ® Ik,) vec (nT>
= (QW ® Ig,) vec (FT) +(Q ® Ig,) vec (nT) :

note that (Q ® I,) vec (Z T) = vec (Z TQT). From this equation we obtain an
OLS estimator of F', that is,

vec (F) _
OLS

= [(WQeIn)@QWaIk) WQeIL)Q®Ik)ve(Z)
_ [(WTQW)”WTQ ® IKQ} vec (Z7).
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Note that

vec </F\T) = [(WTQW)_leQ ® IKQ} [(W ® Ig,)vec(F") + Vec(nT)}
= vec(F'") + {(WTQW)AWTQ ® IKQ} vec(n')

We define the following residual:

vec(n" )V = vec(Z") — (W ® Ig,)vec (/F\T)

OLS

= WoIg,)vec(FT) — (W @ Ig,)vec </F\T) + vec(n")

OLS

- (W & IK2)

vec(F') — vec (/F\T> } +vec(n")
= WolIg,) [_(WTQW)_IWTQ ® I, VCC(’I’]T)} + vec(n")

= |:INK2 — W(WTQW)ileQ ® IK2:| vece (nT)

OLS

Therefore

(Q® IKQ)Vec(ﬁT)W =

(QeIk) - QWW QW) "W Q@ Ix,|vec(n')
Q-QWW' QW) W'Q| @ I,vec(n')

= [(Iy - QWOWVT QW) W) © I, | (Q ® I, vec (n)
= [My @Ik, (Q® Ik,)vec(n'),

where M y = (IN - QW(WTQW)’le) is an idempotent matrix.

Using the equation (2.31) is obtain that,

V((Q@IKQ)vec(nT),) = (Q®Ig,)V (VGC( )) (Q® Ik,)
= diag{(Q,® I',)R\(Q, ® I,)}>_,
— diag{(Q, ® I',) (Q, ® ®,) (Q, ® I';,)}S,
= diag {(Q, ® ‘I’s)}sszl

In order to use the residual above defined to estimate ®,, it is necessary to consider

the coordinates of such a residual which are related to the k-th endogenous variable.
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Thereby we define ey, as the k-th vector of the canonical basis of RNK2  Then, the
k-th endogenous variable of vec(Z ") is given by the following matrix IT,
ey

-

€Lt K,
i

I, = | epiok,

-
Crr(N-1)K, |

So, as an example IT;vec(Z T) is the first endogenous variable. On the other hand,

_ el(j) T .
(s) T
k+ Ko
S s) T

ch) - l(c—i)-2K2

KON
L “k+(Ns—1)K2 |

e,(f) as the k-th vector of the canonical basis of Rz and H,(f)vec(Z ) Ty corre-

sponds to the endogenous variable k-th of group s.

Let us consider the residuals corresponding to both the k-th and [-th endogenous vari-
able of group s, then as (Q, ® I'x,)vec(n) )" = [My, ® Ik,] (Q, ® I,)vec(n]),
with My, = (Iy, = QW.W'QW) "W). Thus,

I(Q, ® I',)vee(n] )* =11 My, @ I,] (Q, ® Ix;,)vec(n) )
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Now

2{ 1@, @ Lvee )] [17(Q. @ Trvee(di} )] | =

= B{ [0 My,  Ie] Q@ Ticvee(n])]

[ My, ® Ix,] (Q, @ Ii,)vec(n])|}

T S S
— B{[(Q. @ Iicvee(n))] My, @ Iie) 11 T1If?

[My, @ I,) [(Q, ® Ix,)vee(n])] |
= |[[My, @ Ii,) LY "7 [My, © Ix,] (Q, @ ®,)]
= [ "I (M, QM) @ |

Therefore,
o[ I (My,Q M) )@ @] = ¢utr [My,QM) ]
Thus, an estimator of ¢* is given by

10(Q, ® I, vee(@! )] [19(Q, ® Ii,)vee(n] )]
r[My,QM] |

ggkl _
S
This result can be extended to,

1 {(Qs ® IKQ)VeC(ﬁ;r)W}T {(Qs ® IK2>VeC<"A7;r)W} (2.38)
tr [MNSQSMLJ
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Estimation of 725,65,
We apply the between-operator P to equation (2.32) and we obtain

vec (ZTPT) = (P®Ig,) vec (ZT)
= (P®Ig,) W®Ig,) vec (FT)+(P®IK2) vec (nT)
= (PW® Ig,) vec (FT) + (P ® Ikg,) vec (nT) )

From this equation we obtain an OLS estimator of F', that is,
vec (ﬁT> = [WTPTPW) W P P& L] vee(27).
Note that
vec (FT) = [WPTPW)"W PP Iy,

{W @ Ik,)vec(FT) + vee(n ')}
= vec(F)+ [W'PTPW)'"W'P'P®Iy,]|vec(n').

We define the following residual:

vec(' )" = vec(Z') - (W ® Ig,)vec (F\T>

= WIg,)vec(F') — (W ® Ig,)vec (FT) + vec(n")

= (W®Iy,)|vec(F) — vec (F\T>OLS +vec(n')
= WeIg){— (W P PW) "W P PaI|ve(n')}+
+vec(n')

= |[In, = WOWTPTPW) "W P P® Iy, vec(n').
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Therefore,

(P®I)vec(n') = [(P®Ik)—PWW PTPW) "W P'P®IL,|
vec(n ')
= [P~ PWW'P PW)'"W'P'P|@I,vec(n")
(I, = PWOWT PTPW)"WTPT) ® Iy,)]
(P Ik,)vec(n')
(T;®Ix,)(P®Ig,)vec(n'),

where T; = I, — PW(W'PT'PW)'W'P' is a symmetric idempotent matrix.

Using the equation (2.31) is obtain that,

V(PeIg)vec(n'),) = (PeIg)V (vee(n")) (P I,)'
= diag {(P, ® I't,)R.(P] © I,)}

s=1

= diag{(P.®Ix,) (P/D.P,®®,+P/DP.®
(26.8])) (P! © Iie,)}

s=1

— diag {Di R+ 15, ® (TSQ(SS(;ST)}S

s=1

Therefore, analogous to the calculation of ®, it is necessary to consider the coordi-
nates of such a residual which are related to the k-th endogenous variable. We define
the matrix I';, of J x JK> as follows:

-
€

o
€ty
I'n=1 .

-
CrtrJ(Ky—1)

where e}, is the vector of the canonical base of R7%2. But as we are concerned the
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variance between each group, we define

where e\*) is the vector of the canonical base of R7:<2,

Now consider the residuals corresponding to both the k-th and /-th endogenous
variable of group s, and (P, ® I, )vec(n. )" = [T';. ® Ig,] (P ® I,)vec(n!),
with Ty, = I;, — PW,(W'P'PW)"'W/ P/ asymmetric idempotent matrix.
Thus,

S ~(s T S ~ (s
E{ TP, o Le)veed® 7] [T0(P & Tvec@® )]} =

S S T
- E{ [Fl(f)(TJs ® IKQ)(PS ® IKQ)VCC(’I’]( ) T)}

[TA(T ), © ®)(P, ® Ix,)vec(n®™ )]}

T s s
=F { |:(Ps X IKQ)VGC(T’(S) T)] (T;, ® IKQ)I‘](€ ) TFl( )

(T), @ Ix,) [(Ps® Li,)vee(n®™ )] |

= (T, @ I, )T "T7(T), @ Ig,)
{D'®®,+ 1, @725, }|

= [0 T[T, D;'T,,) @ ®,]] +
tur [T TL(T . T, ® 728.6))|

Note that I‘;I‘l is a JKy x J K, matrix. Therefore, it is composed of J x J blocks
of size Ky x Kj: in each of these blocks there are a 1 in position (k,[). using the

same arguments as in ® 5. Thus, an estimator of 64! is given by
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S ~(s T s (s
m _ [I‘]E; )(Ps ® IKQ)VCC(')?( ) T)b] {Fl( )(P ® IK2)VCC(’I7( ) T)b}
sYsYs T tr(TJSTJS)
6. (T, D;'T,,)
(T, T,)

This result can be extended to,

(Po® Ig)vee(@® T)] " [(P & Ligyvee(n™® T)]
(T, T,)
&,u(T,; D;'T;)
tr(T ;. T,)

ox aT
T20,0, =

(2.39)
(iv) Estimators of variance components, first level of hierarchy

Estimation of o2
We apply the within-operator @) to equation (2.35),
QY = QX7+ Qe.

It should be noticed that @ is an instrumental variable because in the previous

equation 6 has any role (that is, there is any endogeneity problem). Then
W _1
ToLs = (XTQX) XTQYa

and we define the following residual:

e =Y - X,

OLS

_ (IN —x(x7Qx)" xTQ> Y.
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Therefore

Qe"

<IN —Qx(x7qx)” XT) QY

= MQY, M isidempotent
= M((QXm+ Qe)
= MQe.
It follows that
E(é”QéW) = E(eTQMQe)
= tr(MVar(Qe)).

But, Var(Qe) = diag (Var(Qle(l)),
Q.(v @y +07).

(2.37) Var(Q e™)

..., Var(Q Se(s))), where given the equation

Thus, F (é(S)WTQsé(S)W) = (y"®,y + o) ur(M,Q,),

such that M ,Q, — (QS —Q.xY (x7Qx)” X(S)TQS>. This way, we obtain

B (g(S)wTQSg(S)w)

(v @y + 02)r(M,Q,)
(v @y +02) (Ns — Jo—
ir ((;\fTQ;{)_1 x<S>TQ3x<S>))

where tr ((XTQX>_1 X(S)TQSX(S)> < K. Therefore

é(s) wTQSé(s) w
1

(2.40)

2
05

N, — J, —tr ((XTQX)

X(S)TQSX(S)>
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Estimation of 72(5, v + 1)?

We apply the between-operator P to equation (2.35), PY = PXmw + Pe. This
equation still suffers from an endogeneity problem and therefore we apply the

instrument PYY and therefore we obtain
= (XTPTPWW'PTPX) X" PTPWW'P'PY,

and we define the following residual:

o~

e =Y - Xn°

OLS

_ (IN ~x(x" PP PWW P PX) XTPTPWWTPTP> Y.
Therefore
Pe — (IJ ~PX (X" PTPWW PTPX) xTPTPWWTPT> PY
_ (IJ - PX (XTPTPWW PTPX) xTPTPWWTPT) Pe
= TPe,
where T is idempotent. It follows that

E(Eﬁ PTPé\b) — E(eTPTTTTPe)
= t[T"T Var(Pe)].

But, Var(Pe) = diag (Var(Ple(l)), . ,Var(PSe(S))), such that using (2.37), we
obtain Var(P.e®) = D; (v T®,v 4 02) + I,,72(8.~ +1)%. Therefore, if we de-
fined, T, = I,,~P.X® (X " PTPWW'PTPX) " X TP PWIWTP],
then £ (€T PT Pe) = (v &y + o?)u[T] T, D] + 72(8 v + 1)*u[T{ T.],

Thus the following estimator is obtained

O PTP. e — (3T®.5 + g2\l TT
e P Pl — (5 &5+ o2)u[T, T Dy

281y 1 1)2 =
7—S ( S 7 ) tr[T;I—TS]

(2.41)
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(v) Estimators of Covariance Components Between Hierarchies

Estimation of 725

In the previous section iv, and iii we define the following
(a) Pe® = TPe,
(b) (P @ Ig,)vec(n' ) = (T;®Ix,)(P®Ig,)vec(n")

This way, if to consider the residuals corresponding to both the k-th endogenous

variable
Cov (I‘k(P ® I, )vec(q')", Pg> =
=F { [I‘k(P ® IK2)Vec(7A7T)b}T P@}

=F [((P ® I,;(z)vec(r/T)b>T (T;® Ik,)TTPe

=tr [(TJ ® I,)T', TCov (((P ® IKz)vec('ﬁT)b)T ,Pe)

But,

T S
Cov <((P © I, )vee(d')") Pe) —{D' @y @, + 1, @726 (v, + 1)} _
Thus, we can find the estimators for each of the groups s = 1,..., 5, then

Cov (I‘E:)(PS @ I, )vec(i® )P P, e/@b) -

=t [(Ty, ® I,)T) T, (D' @ @+ 1, 728 (778, + 1))
= [T.D]'T) " ®F + T.T,,7265 T (v 5, + 1)]

But, how 726 T (y78, + 1) = 72478,6% T + 726" 7, it corresponds to the k — th

) ’

coordinate, which is associated with the k-th endogenous variable.

This way,

= TP Ligvee(@ V) P el e [TDIT, ) GTR) L
TS ’ — tr [TSTJS] _7 Ts sYs
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This result can be extended to,
 TVP.o I )vee@” )P, e~ [T.D]'T, | (57 9),
9 = [ T,T,]

37286, (2.42)

2.2.4 Summary of the Estimation Process

1. Estimation of F', determined at item i. The estimate of this parameter consists of

two steps.

(a) When the process starts is estimated by OLS, ie

vec (/F\T> = KWT ® IK2> W® IKQ)T1 (WT ® IKZ) vec (ZT) :

(b) When you have already made steps 1-8, F is estimated again, but now with
Feasible GLS, ie,

vee (?T) — [(WT ©Ig)R We IKZ)} - (W@ L) R 'vec (27).

2. Completed step 1, be must estimate the Within Residual of the model (2.25b). Then,
it is estimated @ by the equation (2.38), ie

5 l@eroyecml)y] (@ o Ln)vecn])]
B r[My,QM) |

s

3. Completed steps 1-2, be must estimate the Between Residual of the model (2.25b).

—

Then, it is estimated 720%4! by the equation (2.39), ie

s 78S

T —~
—— [(Pe® Ik,)vee(@® )| [(P @Ik, )vec(n )| — &.te(T;,D;'T,)

25,6 =
7s 5 tr(TJSTJS)

4. The Estimation of 7r, determined at section ii

72 Maria Inés Godoy Avila



2.2. EXTENDED HHLIM MODELS

5. Completed steps 14, be must estimate the Within Residual of the model (2.25a).
Then, it is estimated o2 by the equation (2.40), ie
e é(s)wTQSé(s)w

02 = — 7P~
’ T T Ty p@) T
Ns—Js—tr<(X Qx) xt QSXS>

6. Completedit@ 1-5, be must estimate the Between Residual of the model (2.25a).
Then, 782(5:7 + 1)2 is estimated by the equation (2.41), ie

— T — — o~
e PIP.e®r — (3"®.4 + o2)u[T!T,D,]

281y 1 1)2 =
Ts ( s 7 ) tr[T;FTS]

7. Completed steps 1-6, are used the Between Residuals estimation of model (2.25a)
and model (2.25b). This way 728" " is estimated by the equation (2.42),

5 TP e g vee( ) Pl —u [T.D]'T, ] (379)
0 = w [T, T,

- _'/7\’T7-s2 ésésT
8. Then, using the results of steps 3 and 7, can be calculated 5’; as,

diag {752555;}
0, =

o8
TS 63

9. Substituting the estimates obtained in step 8 in equation of step 6, we can get an

estimate of 72,

2.2.5 Prediction of the school effect and estimation of the value added

In order to estimate the value added of a school j € Jj, it is necessary to predict
the school effect 9§-5). The specification (2.25a), (2.25b) and (2.25¢) imply that the joint

distribution of (Y§S)T, Z§S)T, GJ(.S))T conditionally on X gs)’ W;s)) is a multivariate normal
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distribution of mean

X;S)B + (X§S)AT + WES)HT)V
o AN+ (10 o HOW |

0
and conditional variance-covariance matrix
Yy D) ()T Dd(s)o(s)
vy T vzl v{o!
Y Oy D) o) D (5) ()
zPy T zzT z$0) )

Y OT  D(s) ()T D(s) o(s)
6y 602! 606,

where EYES)YE_S)T is given by (2.29a), EY§_S>Z;5>T is given by (2.29¢), EZ§S>Z;5)T is given
by (2.29b),
g =Te (07 + 1), 0; (2.432)
J J J
Bgeg0 = 1,0 ® T28,; (2.43b)
Spopm = T2, (2.43¢)

The prediction of Gj(s) is, therefore, given by

N . 1
. _ Y (5) () () ()T
9(5) — ( EG;S)Y§S)T 29§s)zgs>r ) f]Yj YJ' T in ZJ‘ X
Z;S)YE.S)T Z;S)ZE.S)T
s) A Bl DET 1PN
Yy XY+ (xWa +wVH )5
- — T s =T s
zy (Lo @A )X+ (I H W
J J

Once the school effect has been predicted, the school value added is estimated using (2.26).
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2.3 Likelihood

Above, one saw that the conditional distribution is given by,

( _e ) XYB+(XWA+WYH)
J ~ N
vec

vee Z§S)T) (AT XES)T) + vec (HT W(S)T)

J

)y 20

(5)y-(s) 5) ()T
vyl vec(z M)

(2.44)

b)) b))

vee(z'® Ty () vee(Z'®) Tyvee(z!*)T)
such that the its expectation corresponds to the equation (2.27) and the elements of variance
are given in equations (2.29a), (2.29b) and (2.29¢).

The likelihood function is determined by the joint distribution of (Y, vec (Z T)),
where the parameters associated to the distribution are ¥ = (3,7, A, H, 02,72, ®,, J,) para

cadas=1,...,95. Then,

S Js Y(»S) X(-S),W(-S),ﬁ
LYY, vec (ZT>) = [I1II/ ( J(S)T> j j

s=1 j—1 vec (Zj

where f corresponds to the density function of the normal distribution defined in the

equation (2.44).
So, also the log-likelihood function is obtained, as following
S Js

1= log (L (9]Y,vec (27)))

s=1j5=1
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2.3.1 Likelihood Ratio Tests

In the specification (2.25a), (2.25b) and (2.25¢), the K,-dimensional parameter J
depends on the grouping school function p(-) and, therefore, §, # & for s # s'. Moreover,
as it was remarked at Section 2.2.1,if §, = d g, forall s = 1,..., 5, specification (2.25a),
(2.25b) and (2.25¢) reduces to the HHLIM given by (2.22a), (2.22b) and (2.22c). Similarly,
if 5 = Oux,, specification (2.25a), (2.25b) and (2.25¢) reduces to the HHLM given by
(2.24a) and (2.24b). Therefore, it is of interest to explore if those equalities are statistically
significant. This leads to test the following hypotheses:

(1.) Hy : 65 = &4 for s # §'; versus Hy : 8, # d, for s # s'. By doing so, we can test if

two groups of schools have different §, parameters.

(2). Hy: 6, =6 foralls =1,...,5; versus H; : d, # & forsome s = 1,...,S. By
doing so, we test if the parameter d is the same for all schools groups, although its

coordinates could be different.

(3). Hyp: 05 = 0wk, forall s = 1,...,5; versus Hy : &5 # O, forsome s =1,...,S.
By doing so, we test if the parameter J, is not only equal for all schools groups, but

also for all the explanatory factors Z;;, withk = 1,..., Ks.

4). Hy: 6, =0foralls =1,...,5; versus H; : , # 0 for some s = 1,...,5. By
doing so, we test if the extended HHLIM model reduces to a standard HHLM model.

The standard strategy to contrast these hypotheses is a likelihood ratio test. More
specifically, for cases (1), (2) and (3), the likelihood ratio is based on the conditional
distribution of (Ygs)T vec(Z (S)T) )" given (X §~S), Wg»s)), which corresponds to a multi-
variate normal distribution with a mean given by (2.27) and a variance-covariance matrix
given by (2.28). If we denote by A(Y', Z) the likelihood ratio, then the rejecting zones are

respectively the following:

(1). —2In(A
P(-2In A( X) > x%,) < ).

(Y, Z)) ~ x¥%, and the null hypotheses is rejected if
(
(2). 2In(A(Y, Z)) ~ x%, ( s—1) and the null hypotheses is rejected if
P(- ln(A(Y X) > Xky(s-1) < @)
Y

(3). —2In(A(Y, Z)) ~ x%k,_; and the null hypotheses is rejected if
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P(—2In(A(Y, X) > X%Kg—l) < ).

4). —2In(A(Y, Z)) ~ X%, (k»5+ K, 1) and the null hypotheses is rejected if
P(—2In(A(Y, X) > X, (k55 k041) < Q-

2.3.2 Information criteria

Always it is interest for a dataset choose the “best model”, the better fit. For this

reason, presented below three measures of commonly used for the choice of the model.

(a) Akaike information criterion, AIC, (b) AIC with a correction, AICc and (c) Bayesian

information criterion, BIC. Note that the number of parameter the HHLIM model is

(a) AIC
AIC = —Q*iilog (L (0¥, vec (2"))) + 2% P
e
(b) AICc
AIC = —2*221% (L(9IY,vec (Z7))) + 2+ P + QRPjIQP_ﬁ”
(¢) BIC
BIC = —z*iillog (L (9]Y,vec(27))) + P log(N)
e
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2.4 Aplication of HHLIM to educational data

2.4.1 Simulation Study

In this simulation study we will generate data from HHLIM defined in equations,
(2.25a), (2.25b), (2.25¢). To generate a simulation of a educational database, we consider
that the population comes from five different groups S = 5, such that the groups are made
up of card(7;) = 150 schools respectively, and in each of them there are 20 to 30 students.

The simulation procedure is detailed below,
1. Doi=1to S,

e Generate ngs) for each j € J,, where 20 < nEs) <30

° 9](5) ~ N(0,72) foreach j = 1,.. ., card(J,).

Where 72, s = 1,..., S are fixed by 77 = 28,73 = 15,75 = 32,77 = 22 and

2 =11

2. Generate L instrumental variables, these may be generated from any distribution. In

this particular case, these are assumed Wl(j) ~ N(0,2) for each scenario.

3. Generate K exogenous variables, also these can be generated from any distribution.

For each scenario are assumed X S) ~ N(0,1).

4. Generate K, error of endogenous variables associated to the equation (2.25b). Then,
simulate 771(;) ~ N, (0; ®,). Such that are fixed each @, cons =1,...,S.

7 3 35 1.3 9 4.1 6 1.5
P, = &, — ®,; — ®, =

3 4 1.3 6 41 6.5 1.5 4

5.3 2.9

29 38

5:

5. Once the steps 1 — 4 were performed, must be simulated the K5 endogenous variates
by, ZS) = ATXS) + HTWS) - 95»8)55 + 17,(;7). Where A and H are the same for

3.6 2.1
6.8 5.2

each scenario, fixed in A = and H =] 0.5 2.3
—-0.9 6.1

48 29
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But, 6,,s = 1,..., S are fixed in three different scenarios.

6. Generate a error associated to the equation (2.25a). So, €;; ~ N(0;02), Where

o2,s=1,...,85 are fixed by 07 = 38,02 = 25,07 = 42,02 = 32 and 02 = 21.

7. Once the steps 5 — 6 were performed, must be simulated the dependent variables
by, YEJS-) = XS)TB + ZS)T’Y + 9§S) + €;;. Where 8 and ~y are the same for each

1 7
scenario, fixed in 8 = ( 5 ) and v = ( A )

Simulation Results

We study the performance of our estimation methods under the model defined above.
We consider three scenarios: (I) parameters of association (d,), between endogenous
variables and school effect, different for each groups and endogenous variables, i.e, we
have S * K, parameters, (II) parameters of association (8), between endogenous variables
and school effect, only different for each endogenous variables, i.e, we have K, parameters,
and (IIT) parameters of association (9), between endogenous variables and school effect, is

same for each groups and endogenous variables, i.e, we have 1 parameters.

In the tables B.7, B.14 and B.21 we show te true value and Monte Carlo estimation
of the parameter d, for each scenarios, for samples of 50, 100, 500 and 1000. In each one
scenario and samples of Monte Carlo, the same trend is reflected, a proper and satisfactory
estimate of parameters, where the Monte Carlo error is low (this value is presented in the
tables between parentheses). Similary the estimates of the other parameters (3, v, A, H,
®,, 72 and 0?), have estimates close to the real value, being the variances 72 and o that

has a higher error Monte Carlo. See Annex B.

Moreover, to measure the accuracy in estimating the school effect and value added,
is calculated the average of the squared differences in each of the samples Monte Carlo,
thus the Tables B.1, B.8 and B.15 are a summary of what happened in the Monte Carlo
simulation. Thereby for different values of d, the accuracy in the estimation of both
indicators (value added and school effect) have an averaged low squared error, value
around of 0.003 in the case of value added and 0.30 in the school effect.
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Comparation among models

This section aims to illustrate through a simulation of educational data the differences
in fit between a standard hierarchical linear mixed model and the model proposed in this

chapter.

The Figures 2.2a, 2.3a and 2.4a shown three curves of cumulative distribution
corresponding to the real value added (red colour), the estimation of value added by means
of a standard HLM model (green curve) and the estimation of value added by HHLIM
(blue curves). We conclude that (to compare the red and green curves) in the three figures
mentioned, the distribution of estimations by a standard HLM is different to the distribution
of real values (curve red), its distribution are not close to the real and further it has tails
heavy. This means that in the presence of one o more endogenous variables classify the
school through a HLM model is unfair because this has serious problems in the estimation
of value added. In contrary, if we compare the distributions of real value added with the
estimation obtained through our proposed model (red and blue curves), where we saw
in the previous section that the Monte Carlo errors are low, we conclude that this model

generates estimates close to reality when there are some grade of endogeneity.

Moreover, in the Figures 2.2b, 2.3b and 2.4b of three scenarios one can observe that
the estimates of standard HLM model (green points) are concentrated arround zero and
increases dispersion on the tails, while in the estimation of HHLIM model (blue points) its

dispersion is constant.

It is important not to forget this possible endogeneity, because in the presence of this
the standard models have problems in the estimates of value added, therefore the schools

can be classified unfairly.
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Figure 2.2: Comparison between standard HLM and HHLIM model, Scenario I.  (a)
Real value of Value Added (red) and estimation by HHLIM (blue) and standard HLM
(green). (b) Axis Y: Real value of Value Added, Axis X: Estimation of Value Added by
HHLIM (blue) and standard HLM (green).
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Figure 2.3: Comparison between standard HLM and HHLIM, Scenario II. ~ (a) Real value
of Value Added (red) and estimation by HHLIM (blue) and standard HLM (green).  (b)
Axis Y: Real value of Value Added, Axis X: Estimation of Value Added by HHLIM (blue)
and standard HLM (green).
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Figure 2.4: Comparison between standard HLM and HHLIM, Scenario III.  (a) Real
value of Value Added (red) and estimation by HHLIM (blue) and standard HLM (green).
(b) Axis Y: Real value of Value Added, Axis X: Estimation of Value Added by HHLIM
(blue) and standard HLLM (green).

2.4.2 Data application

In order to apply the endogenous value-added model for subgroups of schools, we
use the data set SIMCE applications in Mathematics 2007 and 2011. Then after merging
both data sets and eliminating the schools with less than 20 students, we obtain a data set
containing 157,737 students belonging to 3,305 schools. Table 2.1 summarizes the SIMCE

Mathematics scores at the school level controlling by SES.
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Table 2.1: SIMCE Mathematics scores at the school level controlling by SES

SES | Number of | SIMCE Math 2007 | SIMCE Math 2011
schools Mean | Std. Dev. | Mean | Std. Dev.
A 261 236.88 15.63 220.29 23.18
B 1150 241.19 17.50 230.22 21.52
C 1074 258.07 19.15 246.83 22.72
D 548 281.67 20.78 269.61 21.88
E 272 311.08 20.37 294.14 18.36

Taking into account that our main methodological concern deals with the endogeneity

of the prior score, the value added analysis will be focused on a subsample of schools

defined by the following condition: the percentage of students in a school in 2011 who

was in a different school in 2007 is at most 50%. Thus, the subsample includes 2,880
schools (that is, the 87% of the population of schools), which gather 139,071 students. Let
us mention that the distribution of the 2011 SIMCE Mathematics scores of these schools is
practically the same as the distribution of the 2011 SIMCE Mathematics scores in the full

sample of schools, see Figures 2.5a and 2.5b.
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and the subpopulation and the subpopulation

Figure 2.5: From both figures we conclude that study population has the same distribution
and density of a subpopulation, this last considers only the schools that at least 50% of its
students remained in both measurements SIMCE 2007-2011.

The endogenous value added model for subgroups of schools and students is con-

structed using the following variables:
1. Dependent variable: the 2011 SIMCE Mathematics score, denoted as Math11;;.
2. Endogenous variables:
(a) Prior score: the 2007 SIMCE Mathematics score, denoted as Math07;;.

(b) Compositional effect: the mean, at the school level, of Math07;;, denoted as
AMath07,;.

3. Exogenous variable:

(a) Student selection: along with the standardized SIMCE test, a survey is admin-
istered to parents. One of its questions deals with the three possible selection
mechanisms applied by the school to eventually choose a student: a play

session; a cognitive test; and an interview. We define a binary variable of
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selection: it is equal to 1 if one of these mechanisms is declared by parents;
and it is zero otherwise. A logistic regression was fitted and used to impute
missing responses; the covariates used in the logistic regression were the SES
of the school, the administrative dependency of the school (public, subsidized
without co-payment, subsidized with copayment), a vulnerability index of the
school, rurality, and if the student have or not brothers in the same school. The
selection variable was defined as the probability to be selected by the school; it

is denoted as Select;;.
4. Instrumental variables:

(a) Mother educational level and father educational level, denoted as Mother;; and
Father;;. These are exogenous factors because the intra-school practices are af-
fected either by the national curriculum or by internal pedagogical organization.

In Chile, parents have not a relevant active role inside of school practices.

(b) The number of persons living in the same house with the student, denoted as
Hab;;. This is an exogenous variable because it is a factor uncontrolled by the

school.

Model Fit

Model (2.25a), (2.25b) and (2.25¢) was fitted to the 2007-2011 SIMCE data using the
estimation procedure developed in this dissertation. In order to summarize the results, let us
begin by the degree of endogeneity, which is represented by a two-dimensional parameter
59), where s takes the values A, B, C, D or E, depending on the SES level of the school.
For the data set under analysis, it should be said that the following two null hypotheses are
rejected (p —value = 0.000): that the degrees of endogeneity are unique irrespective of the
SES (Socioeconomic status) of schools as well as of the endogenous variables M ath07;;
and AMath07;; and that the degrees of endogeneity are unique irrespective of the SES
of schools. The estimation of the degrees of endogeneity by both SES of the school and
endogenous variables are reported in Table 2.2.
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Table 2.2: Estimations of degree of endogeneity and of component variances

Endogeneity Endogeneity
SES | degree related to | degree related to o? 72
MatO7 AMat07
A 4916 5.914 822.322 | 26.356
B 4.230 5.556 816.742 | 35.879
C 2.664 3.576 936.926 | 65.176
D 1.945 2.546 999.591 | 96.423
E 2.674 2.298 913.834 | 58.994

These results suggest to testing that the degrees of endogeneity associated to
Math07;; is equal for the SES C and E. The null hypothesis is accepted (p — value =
0.87), which leads to conclude that the degree of endogeneity of schools of SES levels C'
or F is different from schools of levels A or B or D. This feature is taken into account to

estimating the school value added.

Regarding the between-school and within-school variances, Table 2.2 shows the
estimations. The variability between schools of SES level D is the largest one, whereas
the variability between schools of SES level A is the smaller. For the within-variances, the
larger are those of students belonging to schools of SES level D, whereas the smaller is

the variance of students belonging to schools of SES level A.

The estimations of the marginal effects of the explanatory factors in equation (2.25a)
are the following: for the exogenous individual factor of selectivity, it is equal to 61.8; for
the endogenous individual factor Math07
factor AMath07;, it is —0.128.

ij» 1t1s equal to 0.57; for the group endogenous

Finally, let us report the value added indicators by comparing the effectiveness of
schools according to school characteristics other than those considered for estimation
purposes (degree of endogeneity by SES; within- and between-variability by SES). Taking

into account the Chilean policy context, we consider the following two characteristics:

1. The administrative dependency. In Chile, the administration of the schools is four-
fold: public schools administered by a county corporation (MC); public schools
administered directly by the county (MD); subsidized schools administered by
private providers, each of them receiving the voucher from the state (PS); and private
schools administered by private providers, not economically supported by the state
(PP). In the sample under analysis, there are 15.7% of MC public schools, 30.4% of
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MD public schools, 46.3% of subsidized schools and 7.6% of private schools.

2. Level of vulnerability*. As explained above, this index measures the percentage of
students at social risk. We define four groups of school according to the level of

vulnerability as shown in Table 2.3.

Table 2.3: Schools classified by vulnerability index and administrative dependency

MC MD PS PP Total
IVE 0-25% 17 11 320 219 577 (20 %)
IVE 25% -50% 105 137 622 1 865 (30 %)
IVE 50% -75% 183 285 253 0 721 (25 %)
IVE 75%-100% 148 445 129 0 722 (25%)
Total 453 878 1334 220 2885
(15.7%) | (30.4%) | (7.6%) | (46.3%)

Figure 2.6 shows the box plot of the value added indicators for each school adminis-
trated dependency. It can be concluded that the dispersion of effectiveness in subsidized
schools (PS) is greater that PP, MC and MD schools. Furthermore, the effectiveness of the

MD schools is not quite different from the effectiveness of MC public schools.

“The vulnerability index (IVE) is constructed by the Junta Nacional de Auxilio Escolar y Becas (JUNAEB,
National Scholarship and School Aid Board). JUNAEB estimates IVE on the basis of the results of a parent
survey conducted by schools. These surveys provide information about the student’s background. The IVE
has a minimum value of 0, which represents O percent of children at social risk, and goes up to a maximum
value of 100, indicating the most disadvantaged schools (100 percent social risk).
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Figure 2.6: Distribution of Value added by dependence school

Figure 2.7 shows the box plot of the value added indicators for each group of schools
according to vulnerability level. It can be see that there are not an association between
effectiveness and vulnerability index, this results suggests to investigate why the presence

of students with social risk seems to not dramatically affect the effectiveness.
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Figure 2.7: Distribution of Value added by categories of IVE
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2.5

Final remarks

We proposed an extension to model presented by Manzi et al. (2014) that consist in

specify the association parameter no longer as a scalar, if not as a vector. It can be different

for each endogenous variables and school effect. Addition, if the educational data set is

heteroscedastic, means it is coming from a mixture distribution, then it is probably that the

vector of association parameter is different for each group of the population (J).

From a methodological point of view, the novelty of this paper is the specification

and estimation of a value added model under endogeneity. Specifically,

The model estimates the fixed effects as well as the component variances in an

unbiased way.

The model estimates the correlation between the school effect and each endogenous

variable.

The model estimates the value added by correcting the prediction of the school
effect.

From an empirical point of view, the novelties are the following:

To perform a value added analysis of the Chilean educational system controlling

endogeneity problems by design.

To make a comparison between the previous analysis and standard value added

analysis.

As a final comment, our model does not have a computational cost, its convergence

is quick, even when is used on SIMCE educational data that it has a large volume of

students.
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Chapter 3:

On the modeling of
school improvement
through a time dependent
value-added model

This chapter focuses in the school improvement problem through of value added
trajectories. In this part of dissertation we proposed a model with dependence across the
time that included in its structure an association parameter between the school effects of
two cohorts of students different (under the methodology proposed can be extended our
design to more cohorts). In addition to developing this model we present a simulation
study and an application in the Chilean educational data, using the SIMCE tests in cohorts
4th-8th grade students years 2007-2011 and 2009-2013.

3.1 Introduction

In this chapter, we have not intention of perform a literature review on the school
effectiveness, since these have been reviewed in the previous chapters and the literatures
have been regularly and systematically reviewed by others authors, see, for example
Teddlie and Reynolds (2000).

Recalling that typically the school effectiveness is assessed through a value added

model, technique widely accepted by School Effectiveness Research (SER) . The general
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definition of value added is the contribution of a school to students progress towards stated
or prescribed education objectives OECD (2008) . This contribution is net of other factors
that contribute to students’ educational progress, see also Braun et al. (2010) and Baker et
al. (2010). This type of statements leads to conclude that differences in school effectiveness

have important consequences for student progress.

A standard approach to model the school value-added are the hierarchical linear
mixed models, or multilevel models Goldstein (2002); Snijders and Bosker (1999) due to
the structure of educational data where students are nested into schools. In this context,
students scores are explained by their previous achievement, some covariates and a random
effect representing the school effect. A measure of Value-Added has been typically obtained
as the prediction of the random school effect Aitkin and Longford (1986); Longford (2012);
Raudenbush and Willms (1995); Tekwe et al. (2004).

OECD (2008) report recognizes that in the countries a growing emphasis is being
placed upon measures of school performance as they are central to school improvement
efforts, systems of school accountability and school choice, and broader educational
policies” OECD (2008). Alongside to growth of political interest in school measurements
and accountability system, also the volume of educational data increased, nowadays is
possible and becoming more common, find data-sets from of more one cohort of students.
This way the concept of school improvement has been defined in terms of trajectories of
indicators of added value, it is necessary to have of two measurements (pre and post test)

for those indicators.

With the trajectories of value added is of interest know if a school improved (or
not) across time, we make an implicit assumption, that the past of a school determines (in
some degree) the evolution future of the same. Thereby, our objective is to evaluate the
school improvement when different cohorts of students are treated by the same school. In
this work our attention is in two cohorts being possible easily generalize to more cohorts.
Specifically we consider two cohorts such that for each one them the outcome of two test
are available (post-test and outcomes contemporaneous, i.e pre-test). This situation can be

illustrated graph the following diagram.
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Figure 3.1: Example of Chilean case, two cohorts

Investigating the evolution of value-added measures over time is not new and it has
been considered as an important topic in SER. The question on how the performance of
schools across time should be measured has been studied in several references. Among

others:

e Gray, Goldstein, and Jesson (1996) considered several cohorts of students, using a

different intercept for each cohort in a joint analysis.

— School effects are modelled via a linear trend or rolling averages (which

combine the results of 3 consecutive cohorts).

— Students (level 1) were nested in schools (level 2); the effect of each school for

each year is allowed to vary.

— 3-level model in which students (level 1) are grouped by year (level 2) within
school (level 3). At level 3 both year and prior achievement effects are allowed

to vary randomly across schools, as well as the intercept (sic).

e Thomas (2001), Gray, Goldstein, and Thomas (2001) showed that various methods
of analysis can result in different estimates of stability or instability in school effects

over the time. See also the debate in Pugh and Mangan (2003).
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e Briggs and Weeks (2011) used longitudinal data and propose a way to model persis-

tence of VA over time using an accumulation model:

}/j = M2+02+€j2
Yis. = p3+02+03+¢3

e This idea has been followed in many studies, including recent studies e.g. on teacher
VA persistence (e.g. Kinsler (2012); Rothstein (2010) ).

e Recently, models have been proposed to explicitly account for within-group dynam-
ics (Bauer, Gottfredson, Dean, and Zucker (2013); Steele, Rasbash, and Jenkins
(2013))

None of these approaches, however, consider the fact that the school value added
calculated at time ¢ — 1, do influence the one calculated at time ¢. Ignoring this fact would
means that if a school has implemented changes in the internal educational policies to
improve student performance, its effects are not being reflected in the new measure of
value added at time ¢, see . This, in this research we propose to considered a longitudinal
structure such that the school effect at time ¢ is calculated conditioning on the school effect
at time ¢t — 1. This strategy will be used to assess the evolution of the proposed robust

measure of value added described above.

3.2 Dinamycal Models, Two Cohorts

3.2.1 Model Specification

In this section we provide the structural model that it is used to describe the educa-
tional data, where each student is submitted to two test in some moment of their school
life, for example in 4th and 8th grade. But the schools have several outcomes on the time,
as constantly students are evaluated, this way the schools of a school system have several

outcomes on the time.
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Now, the school improvement depend of trajectories of value added models. There-
fore in order to specify a VA model for two cohorts, the school effects should be dependent,
one them depends on time moments t=1 and t=3, and the other one depends by time

moment t=2 and t=4, schematically, this can be illustrated as follows,

Xijs

Yijl }/ijS

o

I

Yijo Yija

Xija

Figure 3.2: Preliminary specification of VA model for two cohorts

Where, we denote Y, ;; as test outcomes of student ¢ belonging to school j on the
time ¢, withi =1,...,n;,5 € Jandt = 1,2,3,4, J is the set of all school and n; is
the number of students in the school j, X ;3 and X ;4 are covariates that impact on the
post test score (that influence in X;;3 and X ;;4 ) respectively. 0,3 and 0,4 are the schools

effect. Those effects are depend of the axiom of local independence (....), namely

1. Conditionally on (X ;3,Y ;1,0;31), {Yijs : ¢ = 1...,n;3} are mutually indepen-
dent.

2. (YijS | Xj37 th 9]'3,1 ) = (}/ijS | Xij37 Y;jlu 9j3,1 )

a relationship between both school effects, it is shown in the following diagram,
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Xij3

Yijl Yij3

o

N

Yijo Yija

Xija

Figure 3.3: Specification of VA model for two cohorts
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Strucural model

For simplicity of notation, you should note that X ,; and X3, are covariates asso-
ciated at both cohorts, then from this moment we consider that the prior score of student
(Y 3 and Y y;) is a covariate in the model VA, ie Y ;3 € X4; and Y;; € X3;. In this
chapter will not be discussed if the previous score is a exogenous or endogenous variable,
however this can be addressed and discuss in a future work, for the moment it is considered

an exogenous variable at school effect.

Taking into account that there are .J schools different, it is reasonable to assume that
the set of school are independent, ie { (Y 4;, Y3;, X4j, Xsj, 0ja2, 0j31) :5=1,...,J}
are mutually independent, the results of school j are not related to the results of school j'.

This way, for each school j be have the following,

1. (Yj4|Yj3, Xj4, ng, 94]', 9]'3,1 ) = (Yj4’Xj4, 6]'472 ) This means that the students’

29 ¢

scores of the second cohort is independent of the set of “scores”, “covariates” and
“school effect” of the first cohort given the “covariates” and “school effect” of the

same cohort,
Y (Y3, X3, 0531) | (X s, 0ja2)

2. Al Y ;4| X 4, 0;42. Then, by axiom of local independence

1 <7 <nja
o Vi (Xija,0ja2) ~ N(XijuBy + 0js,07%)
© Y| (Xj4,0j42) ~ N(XjsBy + Ojatn,,, 031,,,)
3. 042|(Y 3, X ja, X j3,0,31) = 042]0j31) ~ N(ubjz1,77). This means that,
022 (Y j3, X ja, X j3)10j31
4. (V3| Xja, X 3,031 ) = (Y 3| X j3,0j31 ), i.e

Y s AL (X ja) | (X3, 0;3,1)
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5. 1<Z£‘ Yii3| X ijs, 03,1, then the following distribution is assumed
<I<nj3

o Vi (Xij3,0j31) ~ N(XijaBs + 0)3,03)

o Y5 (X;3,0j31) ~ N(XjsBs + 0j3tn,,, 051,,)

6. (6]'371‘Xj4, ng) ~ N(O,T:SQ), ie,

05311 X ja, X j3
7. (X4, X3) are left unspecified since they are assumed to be exogenous variables.

This way, under this structure the dynamic value-added model of two cohorts, is

written as,

Yiis = XijaBs + 63+ €53, where, ¢35~ N(0, U:?) (3.1a)

with with 02 > 0. The equation (3.1a) correspond to the lineal regression of student’s score
¢ on first cohort, such that this dependent variable is explained through; the covariates by
the fixed effect 33.R** with an common school effect by all students of school j and the
idiosyncratic errors ¢;;3, addition recalling that the number of covariates, K3, including the
prior score, Y;;1. Moreover,

0i5 ~ N(0,73) (3.1b)

with 72 > 0. Now, the lineal regression of student’s score ¢ on the second cohort correspond
to the equation (3.1c¢), this variable is explained through the covariates by the fixed effect
B, € R4 with an common school effect by all students of school j and the idiosyncratic

CITOIS €54,

}/ij4 = Xij4ﬂ4 + 0]'4 + €ij4, Where, €ija ™~ N(O, O’Z) (31C)

with 07 > 0. The school effect in this second cohort is not centered in zero, because this
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effect depends of occurred in the past, this way it is assumed that,

Oja ~ N (13,1, i) (3.1d)
with 77 > 0.
In summary, the equations of model (3.1a—3.1d) assumes the following,
Assumption 1 : Exogeneity,
The covariates matrix X 4 is independent of vector random effects 04, and X 3 is
independent of vector random effects 03,

COV(X4, 04) = 0, and COV(X3, 03) =0

Assumption 2 : Independence of random effect,

The 04;’s are mutually independent for each j, and 0s3;’s also are mutually indepen-

dent for each j, but not between them.

Assumption 3 : Distribution and Homoscedasticity of the idiosyncratic error,
The €j4’s and €;3°s for each j are mutually independent.

Assumption 4 : Local Independence

The local independence corresponds to,

A }/;]4 | XJ4 ) 9]4,27 and AL )/;‘]3 | XJS ’ 9j3’1.

1<i<nj4 1<i<nj3

Joint Distribution

Thus we can write the joint distribution of each school, as following (see demonstra-
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tion in Annex C.1.2);

Y4 M4 Y1 Y12 X3 Xu
Y. - b by by
33 X Xy | ~N Hj3 : 22 2423 2424 (3.2)
04,2 Ho, Yigz X
03,1 Hos 24
where,
M4 X j454
1 53 _ X j353
Ho, 0
Hos 0

is of dimension (nj, +njs +1+1) x 1

222 o3, , +713J
is of dimension (n4 + nj3) X (4 + nj3)

(0 B _ ()
o3 o4 Lnjglﬂ':)? LnjsT32
is of dimension (n;4 + nj3) X 2
4 ( 33 a4 | (TZ—I—MQT?? prs )

2
244 7'3
is of dimension 2 x 2

( Z]11 Z12 ) o ( UzInjz; + (7_42 +M27—32)Jnj4 Lnj4l/7'—7|:7'3u7—?? )
n;3

;3

3.2.2 Parameter Identification

The identification of the parameters is a requirement necessary for parameter esti-
mation. The parameters of interest are K, coefficients in vector (54, K3 coefficients in the

vector 33, 1 and the variance components o2, o2, 77 and 73. To verify the identification
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of these parameters, it is necessary integrate the schools effect in the joint distribution

expressed in equation (3.2). Then, the distribution corresponds to,

(Y

74

Y s

X
Xj4,Xj3) ~ N((X]4g4)3
303

( AL, (7 )T g )}3 3

2 2
U3Inj3 + 73 JnjB

Given the equation (3.3) of joint distribution, it is possible to analyse the parameter

identification by the following standard arguments,

By standard arguments from E (Y'3| X 4, X 3), is identify /33, with the condition that

the rank of the matrix, X ;X 3, 1S complete.

The same way from E (Y 4| X 4, X 3), is identify /34, with the condition that the rank
of the matrix, X IX 1, 1S complete.

From V (Y3| X4, X 3), is identify 02 and 72

From Cov (Y4, Y 3| X4, X3), is identify p73, but as 77 was identified in the last
step, so y is identified.

From V (Y 4| X4, X3), is identify 0% and 77 + 272, as u and 72 were identified,
also 74 is identified.

This way all de parameters, (34, 83, T4, 72, 02, 03 and p, are identified.

3.2.3 Prediction of the school effect and estimation of the value added

Following J. Gray, Hopkins, Reynolds, Wilcox, and Farrell (1999), J. Gray, Goldstein,

and Jesson (2012), we characterize school improvement in terms of trajectories of school

value added over time. The value added of a school at periods ¢ and ¢ + 1 (denoted as

VA ;+1) corresponds to a difference of two conditional expected scores: the first one is the

expected student’s score (at period £+ 1) conditionally on both a set of covariates (including

the prior attainment score measured at time ¢) and the school effect; the second one is
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the expected score (at period ¢ 4 1) of the student who would be treated by an “average”
school having a similar set of covariates; see Carrasco and San Martin (2012); Goldstein
(8); Timmermans et al. (2011) and Manzi et al. (2014)[section 2]. The improvement of a
school is consequently characterized by the trajectory defied by VA5, VAs3, VAsy, and so
on. Then in this dynamic model of two cohorts its value-added is,

nj4 1 nj4

VA4 = Z E(Yiju|Xija Xij3,0ja2.0531) — — > E(Y | Xija, Xijs)
Nj4 5 Nj4
Nnj4 nj4
—_ ZXU464 + 0]42 - ZXUZIBZL
’I’L]4 =1 ] =1
=04,
1 Tng 1 njg
VAj31 :f3 Z E (Y 3| Xija, Xijs,0ja2,0531) — s Z E (Y3 Xija, Xij3)
33 i=1 33 i=1
n;3 n;3
— ZXZJ?ﬂ:% + 031 — — Zng?ﬁs
”33 i=1 153 =1
=031

Estimation of value added
The estimate of value added corresponds to the effect school estimation, ie
VKJAQ _ 53‘42
VA ;31 031

Then, as

0.
742 Yj4,Yj3Xj4,Xj3 NNQ ((Jé]7A]), where

031
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o ¢11LL4(Y]'4 — X jufs) + ¢12L;3(Yj3 — X j3033)
’ Oa1ty (Y ja— X jaPa) + G2aty, (Y3 — X j33)

2/.2 2 24 2 9 9
A — 1 o5 (5 + i) (la — njapsry) 030473
- o om 2 2 2 9 2 92/ 2 2
loly — njsnjaprs O504TS L 1505 (03 + Tinja)

where

11 =(1/(lals — njan;up®7s)) { (73 + 1275)la — njap®7)) |
d12 =(0Fu3) [ (lols — njsnjap’Ts)
b1 =(u7303)/ (lols — njsnjap’rs)

G20 =75 (03 + Tinja)/(laly — njanjap®Ts)

=08 + (72 + e

2 2
lg =03 + T3153

Therefore the expression for predict the value-added in the two cohorts is,

VA _ abzﬂ (Yj4 - Xj4/§4\l) + @L;.S (Yj3 - XjBB;)
VAjs1 Gartn, (Yia— XjaBi) + ot (Y s — X jaPs)

As specified in the model, the school effects of two cohorts (therefore also the values
added) are correlated between them. It is important mentioned that the estimation of the a
value added ¢;; not only depends on information of its cohort, but also of the information

of other cohort.

Now consider the case when the school effects across the time are mutually indepen-
dent, that is the covariace matrix of equation (3.2) is a diagonal matrix with zero covariance
elements. In that case ;» = 0 and the school effects are equal to the estimation obtained in
a standard HLM, ie

( VA ) tnga T4 (‘?421”]‘4 + TA42JW4)_1 (YJ'4 B Xﬂ"*@)
VA ;31 L % (5521%.3 + TA;gQJan)_l (Yj3 - Xj3B;)
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Prediction Interval

Consider the following orthogonal decomposition:

Oiaz \ _ ( Oisa DA 012
0]‘3,1 6)]'3,1 0]‘3,1 9j3,1

Such that, consider the estimated predictor

012 _ [ i, (Yia— X j4Ba) + drat) (Y j3 — X jss)
Pt (Y ja = XjaBa) + ooty (Y js — Xjafs) |

the parameters ¢11, @12, P21 Y P20 are supposed to be known in the following reasoning.

9]'3,1 Yj3

T T

Or1tn, M js P12ty M s
T T

P21ty M s G2ty M j3

M NN U TR ) G TR N G T
9]'3,1 9j3,1 9]'3,1 9]’3,1
— — T
e 6]’4,2 . 9&2 _C 614\,2 . 9]'4,2
0jz1 )\ 031 Oj31 )\ 031

3,1

where ®; = ( ) M ;3 = and similarly, M ;4 =, then
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such that

v [ P2 1 _ T+ WATy Ty
031 [Ty TS
{ (914,2 } —&. ( O-Z%ITL]A + (7_42 + /’L7-32>Jnj4 Lnj4[’T—Lrj3/’LT32 ) (I)T
=3 .

\Y%
bnjs 02-4/“-?? U?Q)Injrs + Ti‘%JnjB ’
04,2 91‘4\,2 B (74 +u 7’3) LwTngluTz)? &7
03,1 03,1 nj4/“'3 LrTngT:? !
0 04
This way, if Ve, =V iz 42 , then
03,1 03,1
0, 00
TR 2 R~ NG (0, V)
03,1 03,1

Then confidence intervals is given by,

{0]'472 — 0;4\72} ~ Nl((), llTVejll), with lir = (0 1)
{Qj?),l — Q;;l} ~ Nl(o,l;Vejl2)7 with l; = (1 0)

Then,

IC{0;49;1 — { a2 — U llta/% ]42 + /1l llta/Q}
l l t

IC{0j31;1 { 31 — \/ latay; 0 ]3 v 2 a/2}

3.3 Estimation Procedure

This section addressed, the estimation procedure of dynamic model of two cohorts,

such that for the estimation of the parameters is used the habitual procedure of the hierarchi-
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cal linear model, so, before performing the calculations of estimation is must consider the
equations (3.1a-3.1d), where we can rewritten the equations in matricial form considering
all the population, i.e., all the students of all schools, see appendix for matrix notation.
Then,

Y3 = X3,B3 -+ Lnieg + €3 (343)

where Y 5 are the outcomes scores of all student on the time 3, X 5 are the covariates
associated at cohort 1, 05 are the school effects of all schools in the cohort 1, €3 are

idiosyncratic error of all student and L,, is a block matrix, where each block is a 1’s vector.

Y;=X38;+e;, where es = L@03 + €3 (3.4b)

Also, we defined V(e3| X3, X4) = V3,

where V3 = ,such that V,, 3 = 750, , + 051, ,,

%

nj3

foreach j = 1, ..., J. But, using the notation annexed in the appendix we can write;

Vs = T??LQL; + 031N, = 03Q;3 + 03 P3 D3Py + 75 P3 D3 Ps.

Analogously,
Y4 = X4/64+Ln7404+64 (353)

such that Y, are the outcomes scores of all student on the time 4, X 4 are the covariates
associated at cohort 2, 8, are the school effects of all schools in the cohort 2, €, are

idiosyncratic error of all student and Ln;1 is a block matrix, where each block is a 1’s vector.

Y4 = X4ﬂ4 + ey Where ey = L7L494 + €4 (35b)

Also, we defined V(ey| X3, X4) = V4,
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Vi
where V4 = ,such that Vi, 4 = (77 + p73) Iy, + 0315,
\ 4

nj4

foreach 5 = 1,...,J. But, using the notation annexed in the appendix we can write;

V,= TZLEL,L +o0ily, = 01Q, + 0; Py D,Py + (7'42 + /LTSQ) P4D?1P4

3.3.1 Fixed Effects Estimators

The methodology used for the parameters estimation corresponds to the same applied to a

standard model and que are used several results demonstrated in Chapter 1.

Estimation of 35 and 3,

a) Ordinal least squared (OLS) Using the equation (3.4b) and ordinary least squares
(OLS) for the estimation of 34 and the equation (3.5b) for 3,,

Biors = (X3 Xs) (XJY3) and Bios = (X1X4)  (X]Y.) (6

Assuming; )E(X ; e3) = 0, ii) rank(X § X3) = K3 is of completed rank iii) E( X | e4) =
0 and iv) rank(X | X 4) = K is of completed rank.

These estimators are consistent and their asymptotic distribution are,

\/E<B3OLS - 53) ~ N (05 Agl) , with Ay = <]\173X3TX3) + op(1)

\/]74<B4OLS_ﬁ4) & N(O;A;l), with A4—(]\174XIX4)+0]9(1)
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b) Generalized least squared (GLS)

Bacrs = (X3 Vi X)X VY and Bugus = (X Vi'X) X VY,

(3.6b)
Assuming; i) E(X;eg) = 0, ii) V3 = E(ej e3) is a matrix positive definite and
E(X ] V3'X3) is not singular iii) E(X, e4) = 0 and iv) V', = E(e] e4) is a matrix
positive definite and E(X | V' ;* X 4) is not singular.

These estimators are consistent and their asymptotic distribution are,

VN (Bagrs — B:) & N(0:451), with Ag_(ixgv;lxg)ﬂp(l)

\/E (B4GLS - /84) ~ N (0; Af) , with Ay = (]\ZXIV41X4> + op(1)

c) Feasible Generalized least squared (FGLS)

B\?)FGLS = (X;vz;lXB)le;?;lY:S and B;FGLS = (XI/‘}ZIX@AXI?;YQ

(3.6¢)
Assuming; 1) E(X;eg) = 0, ii)) V3 = E(ej e3) a matrix positive definite and
E(X, V3X3) is not singular iii) Vs L Vs iv) E(X ] es) =0,v) V, = E(e] es) a
matrix positive definite and E(X IV4X 4) is not singular and vi) Vv, it V.

These estimators are consistent and their asymptotic distribution are,

S a _ . 1 _
\/ N3 (IBSFGLS — ,83) ~ N (07 A3 1) s with Ag = <NX?TV3 1X3> + 0p(1)
3
3 a — . 1 —
VNi (Bigars —Ba) ~ N(0; AY), with A, = <NXIV41X4> + op(1)
4
Usually is used as asymptotic variance the following estimators; Avar(B3 roLs) =

=

/?371 /N3 and Avar(B,pqpq) = ;1\{1 /N4, however with heteroskedasticity these are

not robust, thus robust estimators of the asymptotic variance are;

— > — 1 -1 —1  re—1 — 1
Avar(Bypes) = (X;V3 X3> (X?TV3 &e Vs X3> (ngg X3>

and

-1

—

= —1 -1 N S | —1
Avar(Bpeys) = (XIV4 X4> <X1V4 a6V, X4> (XIV4 X4>

-1
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3.3.2 Estimators of variance components

The estimation of variance components is through the method of moments. Then,

Estimation of 02, and o2

Apply the W-operator to in the equations (3.4b) and (3.5b), we obtain the following

(see Appendix C.1.1 for matricial notation).

The within regressions of both cohorts are formulated of the following way,

Q,Y; = Q3X30;+ Qses
Q)Y = Q,X4B8,+Q.e

where,

(a.1) V(Q3€3|X4,X3) = Q3V3Q3T = 0§Q3 (a.2) @,w = (X3TQ3X3)_1X?TQ3Y3
(a-3) V(Q4e4]X4,X3) = Q4V4Q;1r = UEQ4 (a.4) ,34w = (XIQ4X4)_1XIQ4Y4

Now, if we are defined e = (Y5 — X;;B\gw) andey = (Y4 — X4B\4w) then

QY. —X4B,)
MY,

Qs(Y3 — X386, ) Q.ey
M3Y;

Qse;

where M3 = (Q; — @, X3(X; Q;X3) ' X3 Q;) and

My = (Q, — QX 4(X,Q,X4)'X,Q,),

such that M3M3 = Mg, M;Mg = Mg,
M, M, = My, M] M, = M,.

Then, it is easy to check that €2 ' Q.e” = e] Mses and 64" Q,e¥ = e] M,e,.

This way,
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tr (M3V(e3))
03 (N3 — J) — o3 (K3)

(b.1) E (& Mse;)

(b2) E (&' Muei) = w(M4V(ey))

03 (Ny— J) — 0f (K})

Thus be have,

(Y- XgﬁgQB)T Qi (Ys-X:8,%)

2
ol = N K 3.7)
—Q;\ " —~Q
(Y- x8%) @ (Ya- x5,
_ 38
04 Ny —J— K3 (3.8)

where K] < K, K3 < K3 are the number of covariates non-zero in the within regression

of second and first cohort respectively.
Estimation of 73, 7;

Apply the Between-operator to in the equations (3.4b) and (3.5b), we the following

regression, The within regressions of both cohorts are formulated of the following way,

P,Y; = P3X38;+ Pses
PYY, = Q,X,8,+ Psey

where,
(c.1) V(Pses| Xy, X3) = PsVsP, = 02PsDsPJ + 12P3D2P;,
c2) By = (XIPIP:.X,) ' X PIP,Y,,

(c.3) V(Psey| Xy, X3) = P,V,P, =0:P,D,P; + (17 + ur2)P, D3P,
(c4) B, = (X]P]P,X,)'X]P]P,Y,

Note that PsD2P; = P,D3P,| = I,;, PsDsP; = D;" and P,D,P; = D; .
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Now, we are defined
N —~b N —~b
et =(Ys—X38;), and &)= (Y,— X4B,)
therefore, Pyel = P3(Y3 — X3,[/‘3\3b) = T3P3(L,,0; + €3), and
N —~b
Pl =Py Y, X4B,)=TiPs(L,, 04+ 1)

where T3 = (I; — P3X3(X; Py P3X3)"' X3 P;), and
T,=(I;,—P,X,X,P,P,X,)'X,P)),
such that T3T3 = Tg, T;Tg = T3.
T, T,=T,andT,T,="T,.

Then, as &°' P3 P3e} = (L,,,03 + €)' Py T3 P3(L,,,05 + €3), and
e’ PP} = (L,0,+¢€) P[TyPs(L,,04+e€y).

This way,
A1) E(&" Tse}) = 73t (Ts) + ol (TsD;")
= T3] - K§) + 0} (Xo (1/ngs) — K;™)
(d2) E (e Tue}) = 73t (Ty) + ofu (TuD;")
= (@4 p)(J] = Ki) + 0} (S (1/ng) - i)
Thus be have,

b T —~b —
_ (Ya-xB)) PIPi(Yi- XaB)) - o3 (S (1/np) - K5)

2 _
T -,

L (v X)) IRV XGBL) o (S W) - KG)

= J— K EE

(3.10)

where, K3 = tr { (X P§ PsP;)"' X Py Dy P5 X5},
K3* = tr{(X;P;P3P3)—1(X;P;P3X3)},
Ki* =u{(X]P]P,X,)'X[P]D;'P,X,},

Ky =uw{(X[PP,X,) (X[ P[P,X,)}
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Estimation of 1

Using the between-residues seen in the previous section

N —b
eZ = (Y4—X4B8,)
N —b
eg = (Y3—X38;)

we obtain
E (e} P Pse}) = prit{T[Ts}
This way,
—~T —
- e}, P, Pse}
where

{4 444 4}
{3 343 3}

(3.11)

m™* = w{P,X\(X[P]P,X,) ' X|P[P;X;(X]PjP;X5) ' X{Pj}

115

Maria Inés Godoy Avila



3.3. ESTIMATION PROCEDURE

3.3.3 Summary of the Estimation Process

1. The process starts using the model’s equations (3.4b)—(3.5b), such that 85 and 3,
are estimated through of equations (3.6a) and (3.6b) respectively.

. -1
Biors = (X3Xs) (X5Y3)
; T 1T
Biors = (X4 X4) (X4 Y4)

2. Completed steps 1, be must estimate the Within Residual of the regressions (3.4b)—

(3.5b). Then, they are estimated o3 and o7 by the equation (3.7) and (3.8) respec-
tively.

(Y- XgﬁgQ?’)T Qi (Ys-x:8,%)

2 p—
73 Ny —J — Kj
—~Q5\ " —~Q
(- x8%) @ (Ya- x5,
o= Ny —J— K3

3. Completed steps 1-2, be must estimate the Between Residual of the regressions

(3.4b). Then, 7/'3? is estimated by the equation (3.9),

b T —b —
_ (va-xaB) PIP (Ve - XaBy') - 03 (S0 /ns0) — K5)
N J— K3*

4. Completed steps 1-3, be must estimate the Between Residual of the regressions
(3.4b) and (3.5b). Then, ji is estimated by the equation (3.11),

3 pTp. b

=
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5. Completed steps 1-4, be must estimate the Between Residual of the regression
(3.5b). Then, and 77 is estimated by the equation (3.10),

B\ T b
3 (Y4 — Xabs ) P, P, <Y4 — X4y ) — o} (Z}]:l(l/njs) - KI**) 2 2

Ty = J— K} L

6. Completed the steps 1-5, it is possible calculate the estimation of V; and V,.

Vi = Quo}+ P3DiP)7}+ P3DsP)o?

Vi = Quo}+P.DiP(r} +fi3) + PAD.P] o}
7. Using the results of step 6, the estimation of 35 and 3, are recalculated by equation

(3.6¢), i.e. by feasible generalized least squared,

— —~1 —~-—1
:63FGLS = (X;V:’) X3)71X;V3 Y;
— —~1 —~-—1
IB4FGLS - (XIV4 X4)_1XIV4 Y,
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3.4 Aplication of HLM across the time to educational data

3.4.1 Simulation Study

In this simulation study we will generate data from a hierarchical lineal model
with dependence across the time defined in equations (3.1a), (3.1b), (3.1c) and (3.1d).
To generate a simulation of a educational database, we consider that the population of
300 schools, and in each school there are 20 to 30 students. The simulation procedure is

detailed below,
1. Doi = 1to J, with J is the school total,
e Generate n 3 for each j, where 20 < n;3 < 30
e Generate nj4 for each j, where 20 < n;; < 30
e ;31 ~ N(0,25) for each j.
® 04 ~ N(ubs1,64), pis considered in two sceneries different.

2. Generate 4 covariables, these may be generated from any distribution. In this
particular case, these are assumed as; X ;3 = Unjss X3 ~ N(100,20), X35 ~

N(—1,10) and X 43 correspond to contemporaneous score of X o;s.

3. Generate 4 covariables, these may be generated from any distribution. In this
particular case, these are assumed as; X 14 = 2,,;,, Xoj1 ~ N(200,20), X3j4 ~

N(0, 10) and X 4;4 correspond to contemporaneous score of X o;4.
4. Generate a error associated to the equation (3.1a). So, €;;3 ~ N(0; 289)
5. Generate a error associated to the equation (3.1c). So, €3 ~ N(0; 324)
6. Once the steps 5 — 6 were performed, must be simulated the dependent variables by,
_ v T _
o Yijs = X;;30; + 0j31 + €53, Where B3 = ( 2 05 20 5 )

® Yijy = XZ-TJ-454 + 0j42 + €;j2, Where BI = ( 7 09 15 0.5 )
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Simulation Results

This simulation study aims to analyse the computational performance of our model
proposed in this chapter. We consider two scenarios: (I) Small parameter of association on
the time between two cohorts different, ;1 = 0.5, and (II) Big parameter of association on

the time, p = 5.

The study of simulation consider Monte Carlo samples of size 10, 50, 100 and 500.
Each sample was adjusted by both models standard HLM and dynamical HLM. Then, the
means a standard deviation of estimation all parameter are registered in the appendix C.2.
As a general conclusion, Independently of scenery in both models are observed that the
estimation of parameters are close to Their actual values, with the exception of tau? 4,
variance associated to school random effect in the second cohort, its real value is 144 but
the standard model overestimate this parameter, although when mu = 0.5 the differences

are slight, when ;. = 5 the differences are high, it is 18 times higher that value real.

Moreover the value added estimation is represented in the following graphics, so
that it all the graphics in axis X is the order ascendant of real value-added (Colour red), the
blue points are the estimates through our proposed model and points green the estimation
of standard model. When p is 0.5 the estimations of both models are close to real value,
although variability of estimation of value added is greater in the second cohort, see Figure
3.4. However this similarity between the estimates of both models begin to disappear with

value of y at least 1, see Figures 3.5 to 3.9.
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Figure 3.4: Comparation between of value-added estimates on both cohorts with 1 = 0.5
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Figure 3.5: Comparation between of value-added estimates on both cohorts with ;1 = 1
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Figure 3.6: Comparation between of value-added estimates on both cohorts with p = 2
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Figure 3.7: Comparation between of value-added estimates on both cohorts with y = 3
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Figure 3.8: Comparation between of value-added estimates on both cohorts with 1 = 4
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Figure 3.9: Comparation between of value-added estimates on both cohorts with p1 = 5
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3.4.2 Data application

In this section we apply our value-added model proposed in this chapter on SIMCE.
Specifically we use the score of mathematics in the cohorts 2007-2011 and 2009-2013.
This application only consider schools of great cities; Region de Valparaiso, Region del
Bio-Bio and Region Metropolitana. Moreover, the Figures 3.10 and 3.11 present the
distribution of mathematics SIMCE by group social economic in a sub-population of Chile,
in them not only appreciate the difference in scores by socioeconomic level, also it is
observed a decrease in the variability within groups of a measurement to compare the

previous and post score of the cohorts.

Distribution of Mat2007 by gse Distribution of Mat2011 by gse

0 B8.42 e [T 135.35 i T

Mean 263.0556 Mean —T~ 2700428
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200 4
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(a) Mathematic SIMCE 2007 (b) Mathematic SIMCE 2011

Figure 3.10: Distribution of first cohort 2007-2011 by GSE
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Figure 3.11: Distribution of second cohort 2009-2013 by GSE

Specifically, the analysis of school improvement considered 1,315 schools, such that
in the cohort 2007-2011 there are 60,889 students while that the cohort 2009-2013 has
50,364 students. For each cohort is a school effect. Then we say that the analysis of school
improvement explicit the assumption that the past determines the future if school effect for
the 2007-2011 dependent of school effect for 2009-2013.

The estimators of parameters obtained through dynamic value-added model with
the parameter of associated of school effects correspond to; o3 = 922.638 , 0 = 868.042,
T4 = 155.425, 77 = 1158.660, while that the estimation of fixed effects are 3, =
(66.720, 0.581,7.442,0.572), 3] = (80.305,0.567,8.144,0.055) considering as covari-
ates; a intercept, the prior score, IVE and contemporaneous score. Moreover, estimation of

parameter f is 0.48.

If the parameter of dependence is less than 1, we can say that, for the group of
schools under analysis, the past determines the future in a very weak way; If this parameter
is greater than 1, we say that the past determines the future strong way; bigger is p the
dependence is stronger. Moreover, if the parameter is equal to 0, then past and future
are not at all related. Although the parameter is low . = 0.48 Moreover, we classified

the schools according the quartile of value added estimation obtained through our model
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proposed, then we graph the distribution of estimates of both cohorts (boxplot), such
that the green colour are the estimation of standard value-added model and blue is the
same model but considering the association parameter between school effects.See Figure
3.12, when we observed the difference in the estimation of value added those are not

non-existent, despite a small value of .
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Figure 3.12: Comparison by quantile for estimation of value-added through HLM and
dynamic HLM.

125 Maria Inés Godoy Avila



3.5. FINAL REMARKS

3.5 Final remarks

From a methodological point of view, the novelty of this proposed is the specification
and estimation of a value added model under school effects dependent across the time.

Specifically,

e The model estimates the fixed effects as well as the component variances in an

unbiased way.
e The model estimates the correlation between the school effects across the time.

e The model estimates the values added by the schools effect, but the predictions

dependent on the whole trajectory of scores within the school.
From an empirical point of view, the novelties are the following:

e To perform a value added analysis of the Chilean educational system considering

the dependent school effects,

e To make a comparison between the standard value added analysis and this new

proposed.

As a final comment, our model does not have a computational cost, its convergence
is quick, even when is used on SIMCE educational data that it has a large volume of

students.
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Chapter 4: Conclusions and
Future Work

This thesis was developed in the context of school effectiveness. We have addressed
two different frameworks. In the chapter 2 we developed an extension to the hierarchical
linear mixed model that include instrumental variables for to resolve of endogeneity
problem, extention to Manzi et al. (2014). Whereas in chapter 3 we worked in a new
hierarchical lineal mixed model that include a parameter of association between school

effect across the time.

To conclude this work, in this last chapter we include; i) main conclusions, ii) some

final comments in the context of value added models, and iii) future works.

4.1 Conclusion

... An effective school is one in which students progress
further than might be expected from consideration of

its intake ......
Mortimore (1991)

School effectiveness seeks to identify the ‘Value Added’ schools through outcomes
of their student. Typically the value-added models are used to estimate the contribution of
teachers, educational programs or schools to student achievement. From a methodological
point of view, this can be achieved by modelling student’s scores taking into account the
differences in prior achievements and possibly other measured characteristics in the form

of covariates at both the school level and the student level; see Braun et al. (2010); OECD
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(2008); Raudenbush (2004) and Timmermans et al. (2011). The role of the covariates is to
characterize a school of reference with respect to which the Value-Added is substantively

interpreted.

As a matter of fact, the Value-Added of a school is a comparison between the condi-
tional expected scores in a given school and the conditional expected score in the school of
reference: if the covariates are modified, the school of reference is also modified and the
meaning of Value-Added changes. Because the interest is to know the net contribution of
a school, and the covariates have an influence on the student performance, an important
requirement for the covariates is that they have to be unrelated to the internal pedagog-
ical processes performed by a school. Using the econometric jargon, it is said that the
covariates are exogenous with respect to the school. A standard approach to model the
school Value-Added is the use of hierarchical linear models (HLM), or multilevel models
Goldstein (2002); Snijders and Bosker (1999), due to the hierarchical structure of the
data where students are nested into schools (see chapter 1). Under this approach, students
scores are explained by their previous achievement, some covariates and a random effect
representing the school effect. A measure of Value-Added has been typically obtained as
the prediction of the random school effect Aitkin and Longford (1986); Longford (2012);
Raudenbush and Willms (1995); Tekwe et al. (2004).

Throughout this thesis we mention some problems associated with the methodology
used to estimate value added, that these are our motivation, the beginning of this dissertation.

A little update of this issues are mentioned below,
(i) Homogeneity of educational data sets:

In practice often be found in the educational data sets, more of a group of students or
of schools with similar social features in common, such that their yields are similar
within them, but different between groups. Examples of those features are social mix,
balance of intake, school mix and school composition Rutter, Maughan, Mortimore,
and Ouston (1979); Thrupp (1995). The solution is use heteroscedastic value added
model. Thus, for instance, if schools can be grouped in five socio-economics groups,
then the variance of the the distribution generating the school effects is specified as a

function of the socio-economic status (SES):
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(ii) Independence between school effect and covariates:

This was discussed in the chapter 2, the endogeneity is a problem present in some ed-
ucational data, SIMCE is a clear example. ? solved this difficult using to instrumental
variables in the structure of value added model. Also, we repeatedly mentioned that

the value added is different to school effect.
(iii) Independence across the time:

This consideration was addressed in chapter 3. While there are studies that have
evaluated the persistence of value added over time, the methodologies assume inde-
pendent between the cohorts school effect, because in the modelling of value added

no considered the past of schools.

The methodologies used and developed in this dissertation are contributions in
the context of school effectiveness. We have seen how sensitive are the estimates of
these models and the consequences which a unfair classification could cause under the

accountability system.

To finalized this section just mention that study of Monte Carlo suggest that both
models are defectives computationally, their estimation are quick , under time cost. Also,
they an adequate fit of error low. Then, the question is Why? and When? use these models,

as any statistical model the answer is depend, it depends the context and objectives.

4.2 Future Work

While the methodologies developed in this thesis are based on the educational
context, these are not restricted only educational data may well be applied in other contexts.

The future works derived of this dissertation are detailed below.

(a) Applications problem: What happens if we use a representative sample of population
for estimate and classify each school system school?, What are the problems associated
to the sample?, What must be the characteristics of sample design and sample size?,

How the value added can be stable on the time without it is affect by change subtitle
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on the population.

(b) Global Measures;

@

(ii)

(111)

A natural extension of this thesis is the developed of a global measure that
consider the endogeneity and dependence on the time, until now are two model

that compete for its capacity of fit.

Other extension but maybe no so natural it is to develop a robust measure of VA
when information on various levels within a school is available. The schools
commonly have scores of more than two educational levels. For example, two
group of students on level educational different that form two cohorts on the
same time. [llustrating this idea, the student of 4th and 6th degree have their
score on the time t (pre-score), the same student on the time t+1 have their
post-score on the levels 5th and 7th degree respectively. Of course, we think
and assumption that calculating measures of value-added using only part of the
score information could lead to erroneous conclusions about the effectiveness
of a school. For example, it could happen that the value added calculated for a
particular school using score information for levels 4rd and 5th is very different
from that calculated using information from the 6th and 7th grade in the same

school.

The following step will be monitoring student achievement every year. The fact
that a particular school assess several educational level every year, inevitably
leads to a complex data design.
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Appendix of chapter |: School
Effectiveness

A.1 Technical Appendix

A.1.1 Notation

First : For all dataset is defined the following expressions;

J : Itrepresents the set of all school.
J : Ttrepresents the total school, card (J).
n; : Itrepresents total students in school 7, j € J.

Second : A student level the following expressions are defined;

Yi; : Itis the score (scalar), for the student 7 that belong school j, with j =1,...,J
andi=1,...,n;

X;; : Itis a K-dimensional vector of K-explanatory variables for student ¢, in the
school ;.
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Third : A school level the following expressions are defined;

Y
Y, = : :Itis a vector of all scores in school j, such that Y ; € R"J.
Yo,
.
X; = : : Itis a matrix of dimension n; x K, where K is the number of
- .
anj covariates.
0; : It represents the school effect of school ;.

Also, we define others matrices very useful, (to school level).

1

by = | : Itis avector 1’s of dimension n; x 1,forj =1,2...,J.
1

J, =10 . Itis a matrix of dimension n; X n; of 1’s.

vl vl nj J J

T . . . . . . . . . /

Jn, = I, /1y : Itis a matrix of dimension n; x n; of 1/ns.

E, =1, —J, It is matrix of dimension n; X n;.

Fourth : A dataset level the following expressions are defined;

Y,

Y = : . Itis a vector of dimension N x 1, where N = Z}']:1 n;.
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X,
X = :
X
th
0 = :
07
Iy
L, =
nm
D =
271/711
P—
E,,
Q =

ny

ng

It is a matrix of dimension N x K.

It is a vector of dimension .J.

Itisa N x J matrix.

It is a diagonal matrix of dimension J x .J

It is a matrix of dimension J x N. Also It is called
Between-matrix, and It can be obtained by P =
D 'L’

It is a idempotent matrix of dimension /N x V. Also,

It is called Within-matrix .
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A.1.2 The semantic of the conditional expectation

The structure underlying most of the statistical models used in educational measure-
ment, and particularly in SER, can be depicted through conditional expectations. Broadly
speaking, the target of quantitative analysis is to relate a dependent variable Y to a set of
covariates or explanatory factors, denoted by X. This relationship has two components:
the part of Y that can be explained by X, and the part of Y that cannot be explained by
X. The first component corresponds to the conditional expectation of Y given X, and it
is typically denoted as E(Y | X)), also called the regression of Y on X. Accordingly, the

dependent variable Y is decomposed as

Y =E(Y|X)+{Y -E(Y|X)}

where the error or residual term {Y — E(Y | X))}, the part of Y that cannot be explained

by the covariates X, is by construction uncorrelated with or orthogonal to E(Y'| X).

Technically speaking, the conditional expectation F(Y | X') is computed on the basis
of the joint distribution of (Y, X'). However, in practice, this conditional expectation is
specified in a particular form. Thus, for instance, it can be assumed that the relationships
between Y and X is linear in X. As the reader can recognize, this corresponds to a linear
regression. Other specifications are possible, as for instance a nonlinear function of one or

more explanatory factors.
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Appendix of chapter I:
Endogenous Value-Added Models
for Subgroups of Schools

B.1 Technical Appendix

B.1.1 Notation

First : For all dataset is defined the following expressions;

S

S

It represents the set of groups’ labels

It represents the total groups, card(S)

It represents the set of all school.

It represents the total school, card (7).

It is a function induces a partition of 7, {J1,...,Js}on {1,..., J}.

This way, p(.) Is the grouping school function is defined from {1,...,J} to

{1,...,S}tasje{l,...,J}—p(j)=se{l,..., S}

It is a number of school in the group s, ie card(7;),
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—

n Tt represents total students in school j, j € Js.

Second : A student level the following expressions are defined;

Yig-s) : It is the contemporaneous test score of student 7 belonging to school j € Js.

X . Ttisa vector K 1-dimensional, the exogenous variables associated to pupil ¢

belonging to school j € Js.

W' . Itis a L-dimensional vector, the instrumental variables associated to pupil ¢

belonging to school j € Js.

Z¥ . TItisak o-dimensional vector, the endogenous variables associated to pupil ¢

belonging to school j € Js.

It represents the school effect of school j € 7.

Third : For each school j € J, with s = 1,...,.S following expressions are defined;

vy
) s ()
Y§-S) = : :Itis a vector of all scores in school 7, such that Yg- Ve RY .
Y
n;é)j
s) T
x4
XY = : : Itis a matrix of dimension n'* x K}, where K is the number
X S()): of exogenous variables.
J
Wgs) T
J
Wgs) = : : It is a matrix of dimension ng;) x L, where L is the number
WS()): of instrumental variables.
J
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s) T
Ay
Zg.s) = : . Itis a matrix of dimension ngs) x K5, where K is the number
Z S()s)j of endogenous variables.
i

It represents the school effect of school j € 7.

Also, we define others matrices very useful, (to school level).

1
L (s) = : . Itis avector 1’s of dimension ngs) x1,forj=1,2...,J,.
i
1
J =1 (. :Ttis a matrix of dimension n!* x n'¥) of 1’s.
n; n; n§ ) J J
T o =Jd o/n . Itis a matrix of dimension n!” x n!¥ of 1/n{"s
nl® = Sl : J j g
Eo=1Iu—J @ : Itismatrix of dimensionn'® x n¥,
n; n; n; J J

Fourth : For each s € S, the following expressions are defined;

Ny = Yjeq. ng»s) :  Total of students in the group s.
Yy

Yy® = : . Itis a vector of dimension N, x 1.
\ %
xt

X = : . Itis a matrix of dimension Ny X K.
X(S)
Wi

W = : . Itis a matrix of dimension N, X L.
w)
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VAR
AU : . Itis a matrix of dimension Ny X K.
6y
0 = : . Itis a vector of dimension J,.
o5
Zn(ls)
Lﬂs = . Itisa N, x J,; matrix.
n})
n{¥
D, = : Itis a diagonal matrix of dimension Jg X J
nt®)
T (s)
bl /1
P, = . . Itis a matrix of dimension J, X N,. Also Itis
ﬂ(s) / nff) called Between-matrix or Between-operator,
n s
” and It can be obtained by P, = D 'L}
Engs)
Q. = : It is a idempotent matrix of dimension Ny X
E N;.  Also, It is called Within-matrix or
ny,

Within-operator.
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Some useful matrix multiplications,;

D! = P,P]
Jngs)
T 12 _
P _D:P, =
_ ngp
Jn(ls)
PIDSPS = ,1s a Ny x N, matrix.
_ T

Fifth : A dataset level the following expressions are defined;

N=%% N, :  Itis the number of observations in the database
Y@
Y = : . Itisa N x 1 vector.
Yy ()
x @
X = : . Itisa N x K; matrix.
x5
7z
Z = : : It is a matrix of dimension N x Ko
Z(9)
w
W = : : Itis a matrix of dimension N x L matrix.
w)
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2189
0= : . Itisa Jg x 1 vector.
o)
_ Q. i
Q= : Itis a matrix of dimension N x N.
i Qs |
_ P, _
P = : It is a matrix of dimension J x J.
- PS -
D,
D = : It is a matrix of dimension J x J.
Dg
D;!
D! = : It is a matrix of dimension J x J. It can be written
D! asD'=PP"
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B.2. STUDY OF SIMULATION

B.2 Study of Simulation

B.2.1 Results in scenario I, different parameter of association by en-

doguenous variables for each group

Table B.1: Results of Monte Carlo simulations , Scenario I

Monte Carlo estimations

Mean Mean standard deviation  standard deviation
VA 0 VA 0

0.003 0.258 0.007 0.576

0.003 0.225 0.009 0.551

0.003 0.256 0.009 0.600

0.004 0.303 0.010 0.684

Table B.2: Results of Monte Carlo simulations for fixed effects estimation on first level
(B,7), Scenario I

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000

1.0 0.980 (0.053) 1.000 (0.069) 0.987 (0.066) 0.990 (0.063)

Vec(B) ( 3'0 > 2.951 (0.093) 2.938 (0.102) 2.947 (0.098) 2.941 (0.103)
Vee(y) 7.0 6.995 (0.010) 6.994 (0.011) 6.996 (0.010) 6.995 (0.011)
7 4.0 4.008 (0.012) 4.009 (0.015) 4.008 (0.014) 4.009 (0.014)
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Table B.3: Results of Monte Carlo simulations for fixed effects’s estimation (A, H) on
second level, Scenario I

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
6.8 6.801 (0.021) 6.800 (0.018) 6.800 (0.017) 6.800 (0.017)
5.9 5.204 (0.012) 5.198 (0.018) 5.200 (0.016) 5.200 (0.016)
Vec(A) 0.9 — 0.897 (0.019) — 0.901 (0.020) — 0.900 (0.019) — 0.900 (0.019)
6.1 6.101 (0.015) 6.098 (0.017) 6.100 (0.016) 6.101 (0.015)
3.6 3.599 (0.017) 3.597 (0.020) 3.598 (0.019) 3.600 (0.018)
2.1 2.101 (0.019) 2.101 (0.017) 2.099 (0.017) 2.100 (0.017)
Vee(H) 0.5 0.500 (0.016) 0.500 (0.017) 0.499 (0.017) 0.501 (0.018)
2.3 2.298 (0.015) 2.302 (0.016) 2.300 (0.015) 2.301 (0.015)
4.8 4.799 (0.017) 4.803 (0.014) 4.799 (0.019) 4.800 (0.019)
2.9 2.904 (0.017) 2.902 (0.014) 2.900 (0.016) 2.900 (0.016)

Table B.4: Results of Monte Carlo simulations for variance estimation (0?), Scenario I

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
o? 38 37.995 (4.828) 38.015 (4.882) 37.739  (4.966) 38.087 (4.732)
O’% 25 24.358 (3.086) 24.536  (3.378) 24.813  (2.978) 24.529 (3.028)
og 42 43.117  (5.190) 42.384 (5.757) 41.885 (6.516) 41.795 (6.025)
ai 32 31.273  (4.157) 31.844 (4.041) 31.675 (3.951) 31.857 (4.088)
o 21 19.969 (3.350) 21.556  (3.279) 20.842 (3.323) 20.974 (3.414)

Table B.5: Results of Monte Carlo simulations for variance estimation (7'52), Scenario I

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
T2 28 24.203 (4.312) 25.976  (5.759) 25.316  (5.000) 25.034 (5.508)
T2 15 12.835 (2.976) 12.838 (3.250) 13.002 (3.341) 12.807 (3.392)
72 32 30.087 (7.612) 31.948 (8.528) 31.291 (8.061) 31.552  (8.569)
2 2 20.788  (4.284) 22.102  (4.490) 21.238  (4.207) 21.422  (4.825)
72 11 10.470 (2.824) 10.567 (3.073) 10.340 (2.509) 10.502 (3.102)
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Table B.6: Results of Monte Carlo simulations for estimation of variance covariance matrix
(P,), Scenario I

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
0 7.005 (0.174) 7.001  (0.165) 7.015 (0.168) 6.993  (0.162)
3'0 2.990 (0.111) 3.001 (0.111) 3.008 (0.100) 2.996  (0.105)
Vec(®1) 3'0 2.990 (0.111) 3.001 (0.111) 3.008 (0.100) 2.996  (0.105)
4'0 3.994  (0.099) 4.002  (0.106) 4.004  (0.093) 3.994  (0.095)
3.500 (0.083)
3.5 3.511 (0.083) 3.505  (0.084) 3.497 (0.087) 1300 (0.083)
1.3 1.306  (0.072) 1.300  (0.090) 1.300 (0.081) ’
Vec(®2) 1.300 (0.083)
1.3 1.306  (0.072) 1.300  (0.090) 1.300  (0.081)
5.993  (0.143)
6.0 6.028 (0.120) 6.011 (0.145) 6.001 (0.139)
9.005 (0.222)
9.0 8.995  (0.247) 9.008 (0.199) 9.003  (0.205) 4009 (0.150)
4.1 4.127 (0.162) 4.116  (0.124) 4.099 (0.140) ' ’
Vec(®3) 4.099  (0.150)
4.1 4.127  (0.162) 4.116  (0.124) 4.099 (0.140)
6.499 (0.156)
6.5 6.527 (0.156) 6.518 (0.154) 6.497 (0.150)
5.993  (0.145)
6.0 5.963 (0.136) 6.024  (0.140) 6.012 (0.153) 1408 (0.084)
1.5 1.506  (0.075) 1.509  (0.088) 1.506  (0.087) ' '
Vec(®y) 1.498 (0.084)
1.5 1.506  (0.075) 1.509  (0.088) 1.506  (0.087)
3.999  (0.098)
4.0 4.010 (0.064) 4.002 (0.099) 4.000 (0.093)
5.3 5.308 (0.128) 5.304 (0.130) 5.299  (0.134) 5.296  (0.127)
Vee(®s) 2.9 2.911  (0.105) 2.896  (0.091) 2.897  (0.093) 2.896  (0.092)
ec
5 2.9 2.911 (0.105) 2.896  (0.091) 2.897  (0.093) 2.896  (0.092)
3.8 3.820 (0.109) 3.797 (0.088) 3.799  (0.092) 3.798  (0.093)
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Table B.7: Results of Monte Carlo simulations for the parameter of marginal effect of te
school effect and endogenous covariates (d;), Scenario I

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
5 1.57 1.770  (0.209) 1.735 (0.278) 1.822 (1.636) 1.778 (0.265)
! 3.38 3.453  (0.235) 3.473  (0.319) 3.469  (0.245) 3.477 (0.268)
5 2.39 2.708 (0.450) 2.657 (0.439) 2.730 (1.155) 2.687 (1.043)
2 1.13 1.245 (0.447) 1.285 (0.376) 1.276  (0.405) 1.258  (0.426)
5 —4.70 — 5.014 (0.541) — 4.924 (0.518) — 4.924 (0.545) 4.966 (0.612)
8 3.10 3.377 (0.446) 3.326  (0.386) 3.326 (0.419) 3.373  (0.502)
5 4.1 4.275 (0.372) 4.117 (0.293) 4.206 (0.354) 4.200 (0.418)
4
1.08 1.130  (0.099) 1.136  (0.129) 1.147 (0.148) 1.156  (0.329)
55 5.13 5.437 (0.527) 5.357 (0.568) 5.391 (0.641) 5.406 (0.771)
2.4 2.464 (0.310) 2.499 (0.272) 2.485  (0.287) 2.472  (0.329)

B.2.2 Results in scenario 11, different parameter of association by en-

doguenous variables for each group

Table B.8: Results of Monte Carlo simulations , Scenario II

Monte Carlo estimations

Mean Mean standard deviation  standard deviation
VA 0 VA [4
0.006 0.147 0.014 0.278
0.007 0.158 0.015 0.303
0.007 0.156 0.017 0.308
0.007 0.157 0.016 0.302
150 Maria Inés Godoy Avila



B.2. STUDY OF SIMULATION

Table B.9: Results of Monte Carlo simulations for fixed effects’s estimation on first level

(B,7), Scenario I1

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000

1.0 0.991 (0.061) 0.985 (0.060) 0.990 (0.065) 0.991 (0.064)

Vec(B) ( 3'0 ) 3.151 (0.100) 3.180 (0.098) 3.177 (0.101) 3.168 (0.105)
Vee(y) 7.0 7.020 (0.011) 7.022  (0.009) 7.021 (0.011) 7.020 (0.011)
7 4.0 3.977 (0.014) 3.974 (0.014) 3.975 (0.014) 3.975 (0.014)

Table B.10: Results of Monte Carlo simulations for fixed effects’s estimation on second

level (A, H), Scenario 11

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
. 6.800 (0.016) 6.801 (0.016) 6.802  (0.018) 6.801 (0.017)
5'2 5.198 (0.015) 5.201 (0.013) 5.200 (0.016) 5.201 (0.015)
Vec(A) 0'9 — 0.905 (0.014) — 0.899 (0.015) — 0.901 (0.018) — 0.899 (0.018)
6'1 6.100 (0.013) 6.103 (0.016) 6.100 (0.015) 6.101 (0.015)

3.6 3.601 (0.017) 3.599 (0.020) 3.601 (0.018) 3.600 (0.017)

2.1 2.099 (0.014) 2.100 (0.015) 2.100 (0.016) 2.100 (0.015)

Vee(H) 0.5 0.501 (0.017) 0.497 (0.018) 0.501 (0.018) 0.500 (0.018)

C

2.3 2.302 (0.017) 2.297 (0.017) 2.300 (0.015) 2.300 (0.016)

4.8 4.801 (0.015) 4.802 (0.017) 4.800 (0.019) 4.800 (0.017)

2.9 2.899 (0.012) 2.903 (0.016) 2.902 (0.016) 2.900 (0.015)
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Table B.11: Results of Monte Carlo simulations for estimation of variance (02), Scenario
I

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
o? 38 37.634 (4.524) 37.166 (5.274) 37.408 (5.124) 37.335 (5.013)
o3 25 26.342  (2.602) 25.808 (3.474) 25.417 (3.196) 25.351  (3.094)
o2 42 41.967 (5.781) 41.511 (5.822) 42.077  (6.036) 41.181 (5.944)
o3 32 30.763 (4.062) 31.375  (4.289) 31.336  (3.976) 31.558 (4.029)
o2 21 20.541 (3.483) 20.262 (3.228) 21.091 (3.437) 20.818 (3.402)

Table B.12: Results of Monte Carlo simulations for estimation of variance school effect
(72), Scenario II

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
T2 28 24.350 (3.307) 24.558 (3.678) 24.502 (3.677) 24.643  (3.809)
T2 15 13.386  (2.348) 12.724  (1.995) 13.078  (2.207) 13.020 (2.164)
T2 32 27.888 (4.116) 28.001 (4.261) 28.448  (4.455) 28.387  (4.100)
T2 22 19.513 (3.126) 19.348  (2.966) 19.336  (2.954) 19.320 (3.066)
T2 11 9.533  (1.592) 9.297 (1.632) 9.313 (1.702) 9.407 (1.712)

Table B.13: Results of Monte Carlo simulations for estimation of variance covariance
matrix (®,), Scenario II

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
0 6.982 (0.168) 7.003 (0.157) 6.994 (0.166) 6.992 (0.166)
3'0 2.991 (0.109) 2.998 (0.097) 2.998 (0.106) 2.997 (0.101)
Vec(®1) 3'0 2.991 (0.109) 2.998 (0.097) 2.998 (0.106) 2.997 (0.101)
4'0 4.007 (0.102) 4.004 (0.092) 4.001  (0.097) 3.996 (0.094)
3.498 (0.087)
3.5 3.472  (0.085) 3.491 (0.085) 3.500 (0.085) 1206 (0.080)
1.3 1.286  (0.081) 1.307 (0.081) 1.302  (0.079) ’ '
Vec(P2) 1.296  (0.080)
1.3 1.286 (0.081) 1.307 (0.081) 1.302 (0.079)
5.999 (0.149)
6.0 5.981 (0.121) 5.999 (0.139) 6.000 (0.148)

Continued on the next page
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Vec(®3)

Vec(®ya)

Vec(®s)

9.0
4.1
4.1
6.5

6.0
1.5
1.5

4.0

5.3
2.9
2.9

3.8

8.974
4.114
4.114
6.525

5.975
1.501
1.501
4.005

5.298
2.889
2.889
3.791

9.020

4.114
6.528

5.984
1.514

4.001

5.290
2.887
2.887
3.786

(
4.114 (0.

(

(

(

(
1.514 (0.

(

8.979
4.090
4.090
6.507

5.998
1.499
1.499
4.000

5.293
2.898
2.898
3.797

8.994
4.102
4.102
6.506

6.001
1.505
1.505
4.004

5.298
2.897
2.897
3.798

Table B.14: Results of Monte Carlo simulations for the parameter of marginal effect of
school effect and endogenous covariates (J,), Scenario II

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000

2.0 2.126  (0.098) 2.149  (0.087) 2.146 (0.103) 2.146 (0.110)
o -0.5 — 0.531 (0.022) — 0.535 (0.024) — 0.536 (0.027) — 0.536 (0.029)
5 2.0 2.153 (0.128) 2.197 (0.137) 2.165 (0.154) 2.164 (0.141)
2 —0.5 — 0.542 (0.033) — 0.553 (0.036) — 0.543 (0.043) — 0.541 (0.038)
s 2.0 2.134  (0.096) 2.144 (0.101) 2.135 (0.102) 2.132  (0.097)
3 -0.5 — 0.533  (0.024) — 0.538 (0.028) — 0.534 (0.028) — 0.533  (0.026)
5 2.0 2.164 (0.148) 2.145 (0.104) 2.150 (0.106) 2.152  (0.112)
4

-0.5 — 0.541 (0.040) — 0.535 (0.029) — 0.537  (0.028) — 0.538 (0.030)
55 2.0 2.176  (0.157) 2.195 (0.143) 2.203 (0.205) 2.198 (0.186)

-0.5 — 0.539 (0.039) — 0.546 (0.037) — 0.551  (0.054) — 0.550 (0.047)

B.2.3 Results in scenario III, same parameter of association by en-

doguenous variables for each group
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Table B.15: Results of Monte Carlo simulations , Scenario III

Monte Carlo estimations

Mean Mean standard deviation  standard deviation
VA 0 VA 0

0.057 0.054 0.134 0.129

0.061 0.053 0.144 0.130

0.056 0.049 0.126 0.115

0.057 0.050 0.130 0.119

Table B.16: Results of Monte Carlo simulations for fixed effects’s estimation on first level
(B.,Y), Scenario III

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
3 1.0 1.103 (0.071) 1.100 (0.062) 1.112  (0.060) 1.112  (0.063)
3.0 3.170  (0.100) 3.159 (0.121) 3.152  (0.111) 3.164 (0.110)
7.0 7.006 (0.010) 7.005 (0.013) 7.003 (0.011) 7.004 (0.011)
K 4.0 3.973 (0.013) 3.975 (0.016) 3.975 (0.015) 3.974 (0.015)

Table B.17: Results of Monte Carlo simulations for fixed effects’s estimation on second
level (A, H), Scenario III

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
6.8 6.800 (0.015) 6.801 (0.018) 6.801 (0.018) 6.799 (0.017)
5.9 5.199 (0.016) 5.202 (0.018) 5.200 (0.015) 5.200 (0.015)
Vec(A) —0.9 —0.897 (0.017) —0.900 (0.019) —0.902 (0.017) —0.901 (0.018)
6.1 6.105 (0.015) 6.101 (0.017) 6.099 (0.015) 6.100 (0.015)
3.6 3.600 (0.018) 3.598 (0.017) 3.601 (0.017) 3.600 (0.017)
2.1 2.102 (0.015) 2.099 (0.015) 2.101 (0.016) 2.100 (0.015)
Vee(H) 0.5 0.497 (0.017) 0.500 (0.018) 0.499 (0.018) 0.500 (0.018)
2.3 2.297 (0.017) 2.298 (0.016) 2.300 (0.017) 2.300 (0.015)
4.8 4.799 (0.016) 4.798 (0.017) 4.802 (0.017) 4.800 (0.018)
2.9 2.900 (0.015) 2.899 (0.015) 2.901 (0.015) 2.900 (0.016)
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Table B.18: Results of Monte Carlo simulations for variance estimation (o), Scenario III

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
o? 38 38.820 (4.802) 39.175  (5.241) 39.302  (4.999) 39.542 (5.012)
o3 25 26.202 (3.728) 26.241 (3.453) 26.826  (3.103) 26.378 (3.234)
a§ 42 44.057  (6.064) 43.120 (6.231) 44.200 (5.776) 44.086  (6.090)
o3 32 33.211  (4.250) 33.237 (3.689) 32.898  (4.047) 33.024 (3.847)
o‘§ 21 22.670 (3.976) 21.973  (3.370) 22.589 (3.224) 22.458 (3.363)

Table B.19: Results of Monte Carlo simulations for variance estimation (72), Scenario II1

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
T2 28 27.346  (3.078) 27.609 (3.165) 27.779  (3.448) 27.897 (3.612)
T3 15 15.254 (1.870) 15.060 (1.733) 15.036  (1.979) 15.025 (1.938)
T2 32 31414 (3.592) 31.689 (4.242) 31.719 (3.945) 31.666 (3.859)
T2 22 21.825 (2.471) 21.975  (2.977) 21.769 (2.619) 21.963 (2.817)
T2 11 10.752  (1.401) 11.110  (1.640) 11.185 (1.510) 11.100 (1.475)

Table B.20: Results of Monte Carlo simulations for estimation of variance covariance
matrix (®,), Scenario III

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
7.0 6.979 (0.171) 6.990 (0.153) 6.999 (0.170) 7.004 (0.166)
3'0 2.993 (0.111) 2.993  (0.096) 2.997 (0.107) 3.000 (0.102)
Vec(®1) 3'0 2.993 (0.111) 2.993 (0.096) 2.997 (0.107) 3.000 (0.102)
4.0 4.003  (0.094) 3.990 (0.099) 3.997 (0.096) 4.000 (0.095)
3.500 (0.082)
3.5 3.484 (0.083) 3.498 (0.093) 3.503 (0.088) 1300 (0.081)
1.3 1.299 (0.077) 1.300 (0.073) 1.303 (0.078) ' ’
Vec(®2) 1.300 (0.081)
1.3 1.299 (0.077) 1.300 (0.073) 1.303  (0.078)
6.001 (0.147)
6.0 5.983 (0.146) 5.989 (0.127) 6.001 (0.140)

Continued on the next page
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Vec(®3)

Vec(®ya)

Vec(®s)

9.0
4.1
4.1
6.5

6.0
1.5
1.5
4.0

5.3
2.9
2.9
3.8

9.001
4.099
4.099
6.481

5.978
1.489
1.489
4.013

5.308
2.891
2.891
3.790

8.993

4.100
6.522

6.009
1.496

3.997

5.314
2.907
2.907
3.800

(
4.100 (0.

(

(

(

(
1.496 (0.

(

8.999
4.105
4.105
6.503

6.000
1.503
1.503
3.999

5.298
2.899
2.899
3.797

9.008
4.106
4.106
6.498

6.000
1.504
1.504
4.006

5.302
2.900
2.900
3.796

Table B.21: Results of Monte Carlo simulations for the parameter of marginal effect of
school effect and endogenous covariates (), Scenario III

Monte Carlo estimations

Real Sample= 50 Sample= 100 Sample= 500 Sample= 1000
—0.5 —0.502 (0.015) —0.504 (0.015) —0.504 (0.015) —0.504 (0.014)
o —0.5 —0.505 (0.015) —0.504 (0.014) —0.504 (0.013) —0.504 (0.013)
5 -0.5 —0.498 (0.017) —0.500 (0.016) —0.502 (0.017) —0.502 (0.016)
2 —0.5 —0.501 (0.019) —0.502 (0.019) —0.503 (0.019) —0.503 (0.018)
5 —0.5 —0.505 (0.014) —0.501  (0.016) —0.504 (0.015) —0.504 (0.015)
3 -0.5 —0.505 (0.015) —0.502 (0.016) —0.504 (0.013) —0.505 (0.014)
5 —0.5 —0.506 (0.016) —0.504 (0.012) —0.504 (0.015) —0.505 (0.016)
4
—0.5 —0.507 (0.014) —0.506 (0.013) —0.504 (0.014) —0.504 (0.015)
55 -0.5 —0.503 (0.022) —0.501 (0.021) —0.501 (0.021) —0.502 (0.020)
—0.5 —0.503 (0.019) —0.500 (0.020) —0.501  (0.020) —0.501  (0.019)
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Appendix of chapter Ill: On the
modeling of school improvement
through a time dependent
value-added model

C.1 Technical Appendix

C.1.1 Notation

First : For all dataset is defined the following expressions;

J

Second :

Yiji

Xijt .

It represents the set of all school.
It represents the total school, card (7).

It represents total students in school j on the time ¢, j € Js.

A student level the following expressions are defined;

It is the score (scalar), for student ¢ belonging to school j . Such that : =

1,...,n;, with n;, total students in school j on the time ¢ and j € J.

It is a K;-dimensional vector of K;-explanatory variables for student ¢, in the
school j on the time ¢. The vector of explanatory variables included as variable

to the prior score of student .
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Third : A school level the following expressions are defined;

Y1
Y= : . Itis a vector of all scores in school ;7 on the time ¢, such that
Y"jtjt Y € R
T
X
X = : . Itis a matrix of dimension nj;, x K, where K} is the number
T of covariates.
njtjit
Oje1-1 : It represents the school effect of school j on the cohort t—

t—1,5€J.

Also, we define others matrices very useful, (to school level).

1

bny, = | : Itis avector 1’s of dimension nj; x 1,forj =1,2...,J.
1

I, = znﬁzzﬁ : Itis a matrix of dimension n;, X n;; of 1’s.

I, = Iy, /0t : Itis a matrix of dimension nj; x nj; of 1/n;,’s.

E, =1I,,—-J,, It is matrix of dimension nj; X n;q.

Fourth : For each ¢ the following expressions are defined;

Ny = ieqnj . Total of students on the time ¢.
Ylt

Y, = : : Itis a vector of dimension N; x 1.
Y
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X1
Xy = :
X gt
91t,t71
9,5 —
(th,t—l
Tnyy
L, =
U3y
Dt —
T
Uy, /1
Pt -
E"lt
Qt =

It is a matrix of dimension NV; x K;.

It is a vector of dimension J.

Zth

UBy;

tn /T8

njt

Itis a V; x J matrix.

It is a diagonal matrix of dimension J x .J

It is a matrix of dimension J x N;. Also
It is called Between-matrix, and It can be
obtained by P, = D; 'L,

It is a idempotent matrix of dimension
N; x N;. Also, It is called Within-matrix
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C.1.2 Joint Distribution

From the section 3.2.1, one can obtain the following calculations of averages.

L. pgy = BE(0;31], X, Xj3) = 0

= o, =0

2. po, = B(0ju2|, X4, X;3) = E(E(0)42]0)3,1, , X4, X;3)|, Xja, Xj3)
= E(ub;31|, Xj4, X;3) = pE(0)31], X4, Xj3) =

= g, =0

3. pjs = E(Y 3], Xja, X3) = E(E(Y 31051, , Xja, Xj3)[, Xja, Xj3)
= E(Xj303 + tn,;30531], Xj4, Xj3) = X303 + E(tn,053.1], Xja, Xjjz) = Xjs3
= X333

= iz = X303

4. pjs = B(Yjal, Xja, Xj3) = E(E(Y 4| Y3, Oja2, , Xja, Xyz)|, Xja, Xj3)
= BE(Xjufs + tn;, 0542, Xja, Xj3) = Xjufs + E(n,,0j12], Xjs, Xj3) = X4 B4

= pju = XjaPa

From the section 3.2.1, one can obtain the following calculations of variances,
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1. Y44 = V(0j31], X4, Xj3) = T3

:>E44:7'32

2. X33 = V(0j42], X4, Xj3)
= E(V(042Y 3,053, Xju, Xj3)], Xja, Xj3)
+ V(E(012Yjs, 0551, Xja, Xys) |, Xja, Xjia)
=7i + 12V (03], Xja, Xj3) = 74 + 1?75

= 233 = 7'42 + ,u27_32

3. 222 - V(Yj3|7 Xj47 XJ3>
= E(J%Inj3|, Xj4, ng) + V(Xj3ﬁ2 + Lnj38j371|7 Xj47 Xj3)

2T 2

1 —
— 52 _ 2. T _ 2 2
=05l + 50, = 03l F TeNs— gt = 031 + T3,

n;3
UK J
_ 2 2 2. \T

- JSEnjs + (03 +73 n33>‘]nj3

2 2 2 I
= Y99 = UgEnjg + (03 + 73 nj3)Jnj3

4.3 = V(Y 4], X4, X3)
= E(03L,,, |, X4, Xj3) + V(Xjafa + tn, 0], X4, Xj3)
= 0Ly, + oy (78 + 1270, = 04, + (73 + 127 nad
= 03By, + (03 + (73 + 1°75)150) T,

=X = UEEHJA + (Uz + (7—42 + :u27-32>nj4>jnj4
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From the section 3.2.1, one can obtain the following calculations of variances,

1. X34 = Cov (04,2, 0j31], Xja, X;3)
= Cov (1ubj3,1, 013,11, X4, Xj3) = 1V (03,1, 03], Xja, Xja) = pir

2
= 234 = ,LL7'3

2. 224 = Cov (ng, 0j3,1|) Xj4, ng)
=Cov (Xj352 + Lnj39j3,1, 9j3,1|, Xj4» XjS) = Lnjgv (0j3,1|7 Xj47 Xj3)

_ 2
= Lnj3 T3

2
= Doy = ln;sT3

3. 223 = COV (ng, 9j4,2|7 Xj4, ij)
= Cov (stﬁQ + 9j3,1bnj3, 9]'4,2\, Xj4; ij) = Cov (9]‘3,1, 93'4,2’, Xj4, Xj3) bnjz = /“'32%]3

2
= 223 = UT3lngs

4. 214 = COV (Yj4, 9j3,1|7 Xj4, ng)
= Cov (Xj4ﬁ4 + 9j4,2Ln]-47 9;'3,1\, Xj4; Xj3) = Cov (93‘3,1, 9j4,2|7 Xj47 st) bnjy
= /“-32%3'4

2
= Yy = [T, Lnja

5. 213 = Cov (Yj47 0j472|7 Xj4, ng)
— COV (Xj454 + 0]‘472&%.4, 0j4,2|7 Xj4, ng) = V (9j472|a Xj4, ng) Lnj4
— (7 + 1,

= 214 = (7'42 + [1,2T§)Lnj4

6. 212 = COV (Yj4, ng‘, Xj4, ng)

= Cov (Xj454 + Oja2tn,,, Xj3fa + 053100, Xja, XjB)
2 T
= Cov (9j4,2bnj4> 9]-371Lnj3|, Xj4, X]5> = UT3 Lnj4/’nj3

T

2
= Y12 = UTglngly
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C.1.3 Inverse of a matrix

A, A
Let, A = ( 1 A12 ) a symmetric matrix, such that; AB = I, where I is the
22

identity matrix, ie, it is diagonal matrix of 17s and B is the inverse matrix of A. Then,

AB — A Ap ) ( Bii By )

A B,
. A11Bi + ApBly, AyBip 4 ApBo )
B A,B1> + AyByy
B 10
~(re )

This way,
I = A B +ApB), (C.1)
0 = A Bia+A;By (C.2)
I = A1TQBlz + AgBoy (C.3)

Therefore, from (C.2) A11B1s = —A 3By = By = —A1_11A12B22, substituting
this equality into equation (C.3), it is obtained the following;

I = —ALATALRBy + ApBy
I = (Ap—ApRALAL)By

= Bgy = (A.22 — A1|—2A1_11A12>_1.
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Otherwise, substituting B, into equation (C.1), it is obtained the following;

I = AnBi+ Ap(—AARBy) "
= A;Bi — ApBpALAT /AL
= Al = By — A ApBpALAY
=By = A +AALRBRALAY

= B11 = Al_ll(I -+ A12B22AI2A1_11)

Therefore,

B Bi1 B _ AT+ ALBurALAL) —A A LBy
B22 B22

where By = (A — ALAA) 7L
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AB

_ A11 A12 B11 B12
Ay Ba,
_ A;By + A12B1Tg A1Bis + AsBo )

AszBlz + AgBoo

_ A A I+ A12B22A1TQA1_11) + A12(—A1_11A12B22)T A1Bis + A2By
AngBu + AyBy,

_ I+ A13BoALAT) — AsBoyALAT A B+ ApBoyy
AngBu + ABoy

I —AATA 5By + A1sBoy
—AngAﬁlAuBQQ + AyBoyo
_ I A12Ba + A;pBoy
(_AlTQAﬁlAm + Ags)Bao

(1 0
(Ass — AL,AT'A15)Boy

(1 o
B3, By,

(10
B I

It demonstrated that B is the inverse of the symmetric matrix A
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Inverse of variance-covariance matrix

The variance-covariance matrix correspond to,
Yiu X
5 1 212
E22
Therefore, using appendix C.1.3 be have to,

»l= ( EI11(1+ 2]12(;’21T221711) _Ef11212G )
G

where G = (222 — 21—221711212)_1.

Now, in this case, model of two cohorts,

Y, ; Dy Dy
j4 Xj4, ng ~N %'4 : 11 12
Y; 1453 229

the elements of variance covariance matrix correspond to,

211 = UiEnsz + (Ui + (TZ + /’LQT??)nj4)jnj4

2 3 _ 2 2 2.2
Yiu = 03By, +14Jy,, where Iy = oy 4 (1] + p°73)n;4
T 2
Yo = Unjaln,, VT3
2 2 2 3
222 = O3Enj3 + (03 + T3 njg)Jan
2 3 2 2
222 = 0'3Enj3 + ngn].3, where l2 = 03 + T3Mj3
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therefore

21_11 = (1/UZ)Enj4 + (1/l4)jnj4

2521 = (1/U§)Enj4 + (1/l2)jnj3
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continue with the calculations of the matrix elements X!, then

G = (03B, +hi,,—
— Lnj3LZj4,uT32 ((l/ai)Enj4 + (1/l4)jnj4> Lnj4LZj3,LLT§)
(0§Enj3 + 1oy, — nj4/w§(1/l4)bn].3b;3ﬂ7§>71
= (U?Q)Enj3 + (l2 - njgnj4p27'§1(1/l4)) jnjg)_l
(U%Enﬁ + sznﬂ)q , where ry = (lz — nj3nj4u27§(1/l4))
= (1/05)En; + (1/r2)Jn,

-1

=G = (1/U§)Eng3 + (1/r2)jnj3

SE0eG = ((1/oD)Ea, + (1/1)Tn,,) (tnuth,075)
((1/0)En,, + (1/72)T0,,)
= (/o) By, + (1/1)3n,,) (tnystn, 73 /72)
= (173/(rala)) tyati,
= X 516G = (MTg/(7’2l4)) bnjabngy
SR (I4SeGELE) = ((1/e)E, + (1/1)T,,,)

L+ it 3/LT3 (MT3/(7"QZ4)) Injst I4>
1/09)En,, + (1/11),,)
I+ njap’rs/( T2l4)bn]4sz4>
1/03)En,, + (1/12)3,,)
I + njgnjqu’Ts /(rzl4)Jn34)
Vo) Enyy + (/1) 300 + njsnapd® 73/ (rali) g,
1/03)En,, + (1/1+ njsnjups®7s /(r213)) I,

((
(
(
(
(
(

(
(

= S0 [+ SuGELRY) = (/o) B, + (1l + njsnjup®rs /(r203)) I,
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this way,

(L/0D) By, + (1l + ngsnjap® g/ (rald) Jny = (073 / (rala)) ot

(1/U§)Enj3 + (1/7’2)371‘7.3

However, note that

1
(1/[4 + njgnj4ﬂ27§/(7"2li)) l2 (l4 + njgn]4,u 7'3)

1
= 2 (7"2l4 + njanjap 7'3)
71 2.4 2 4
:7"2[2 ((52 — Nj3Nja b T3 /54)14 + N3N jaft 7-3)
4
41 24 2 4
:7«2l2 ((l214 — Nj3Njapl 7'3) + N3N ja b 7'3)
4

This way,

(1/02)En14 + (ZQ/(r2l4)) jnj4 (MT3/(r2l4)) lnjs b ;lrg
nl =

(1/U§)Enj3 + (1/T2)jnj3
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C.1.4 Determinant of block matrices

Suppose A, B, C, and D are matrices of dimension n X n, n X m, m X n, and m x m,

respectively. Then, from the Leibniz formula, or from a decomposition like one has

A B B A 0 1, A'B
¢ D)) \C I, 0 D—CA'B
This way, when A is invertible, one has

A B
‘( )‘ — |A||D — CA'B|
C D

Determinant of variance-covariance matrix

The variance-covariance matrix correspond to,

Y X
5 1 212
Z22
Therefore, using appendix C.1.4 be have to,

5] = [B11][Z22 — 21 811 S1o

Now, in this case, model of two cohorts, the elements of variance covariance matrix

correspond to,
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Ell = UiEnjél + (Ui + (TZ + :UZT??)n]"l)jnﬂ

2 3 2 2 2_2
T 2
212 = [/nj4L7Lj3/“’LT3
2 2 2 I
Yo = 03By, + (03 +13n53)d 0,
2 3 2 2
222 = 03Enj3 + lanj3, where l20'3 + T3M53
Therefore,

1311

Zzlszzu

Yoy — 22121_11212‘

This way,

‘UiEnﬂ + l4jnj4

nj4

H A; where);are the eigen values
i=1

Oi(njrl)h

1
2 4 T T
K Tatngsbng, < 5B, + f']"jzx bnjalngs
0y 4

1
2_4 T
nj4,u 7'3 Lnjgabnj3

2 47
njaNjapt Ty I g

2 b 2 47
‘03Enj3 +ladn,y — njznjap T3y,

‘agEnﬁ + (lp — nj3nj4u27_?il)jnj3

2(n;3—1) 2,4
O3 ’ (lg — Nj3Njafd 7'3)

2(njis—1) 2(njz—1
|Z]| = 04( g4 )0'3( 73 )l4 (lg — TLj3’ij4,u27'§l)
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C.1.5 School effects

Expected of school effects

0 0; Y, Y,
a; =B 7 X, X | +Cov [ 7 T X X | VL T X, X
J J J J J J
i3,1 0iz1 Yo Yo
Y, Y,
T —E( 7 X, X,
ng ng
-1
— TL4] (T4 + l’l/ T2) L;lL—gj II"LT22 0‘2]:”4]' (T4 + ILL 7—2 )Jn4] Ln4j LIQJ/’LTZQ
n4-/“-2 L;J_Tg anj n4j /“-2 U§In2j + 7-22']712]'
34 - 3464
]2 - 3262
-1
— (T4 + :u27_2) ng-:u7—22 UZLMJ‘ + (7—42 + MQTQZ)JTMJ‘ Ln4j L;zrgj:u7-22
n4]~MT2 [/T—LerT22 L”Qj LT—Ll—4J/“’LT22 O-SIHQJ' + T22Jn2]
j4ﬁ4
32 - j262
— Tl4] (7—4 _I_ /"L 7-2 ) TLQJ' ILL7-22
'I’L4]‘/’LT2 L;LerT22

(1/0D)En,; + (o) (rala)) Jny, = (75 /(rala)) tny, gzj

j4 - 3464
]2 - j2/82

_ ¢11Ln4j ¢12Ln2j Yj4 - Xj454
¢21LTTL4J. ¢22L22j Yo — X

(1/U§)En2j + (1/r2)jn2j
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where
o =(1/ (ral)) { (7§ + p*73) 0 — o7 |
1o == na; (7} + 1°73) (173 (rsla) ) + pir3 /72
=(1/(rala)) (—nag (73 + 1753 + laprs )
=(1/(rala)) (=naj (7 + 127073 + (03 + (77 + 12°73)nag )3
=(0iut3)/(rals)
b1 =y (la/ (r2ls)) — p7y [ (rala)na;
=(1/(r2l)) (p73 (03 + 73na;) — pring;)
=(ur303)/(rala)
Gas = — N7y [ (rala) + 75 /72
=73 (07 + Tina;)/ (rala)
This way,

o — <Z511L,TL4J. (Yjs — Xjafs) + <Z512L,TL2J. (Yo — X2/32)
’ ¢21L24j (Yja — XjafBs) + ¢22L;2j (Y2 — Xj2/%)
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Variance of school effects

0; 0, Y, Y
Aj =V g2 Xj4,Xj2 — Cov 742 ) i Xj4,Xj2 V_l i X]‘4,X]‘2
i3,1 Oi31 Y Yo
T
Cov U2 D Xy, X
Ojz1 Y,

2 T 2

2 2,2 2 T (.2 2,2 T 2
Ti TS Ty [ ey, (T BTty 1T
2 T 2

/‘LTQ 7—2 Ln4j ILLTZ L’I’LQJ' 7—2

2

~1
2 2 2 T .2 2 2,2 2
0ilny + (77 + 1) d 0y, brgjln,; T bngy (TS + J°T5)  Lng, 475
2
Ln4j KT Lmj Ty

T 2 2 2
l’n2j Ln4j HTy 03 In2j + P anj

T T 2 2
Poly,, D22l Lng; TS lng; Ty

Ty 3 Po1na; (T§ + PPT3) + NojdoaiTy  Go1NujiiTy + PaaNa;Ts

i 4 1275 — (P11na; (75 + p°7F) + najdroputy)  pry — (dr1mai Ty + Pr2ng;Ty) )

s — (Parna; (13 + p1*75) + Nojdaapts) 75 — (Pa1najuTs + P2ono;T3)

o3(12 + pr2) (ly — nagu®d) ) (rals) 0303721/ (rals) )

050575 11/ (r2ls) 7505 (07 4 Tinag) [ (r2ls)

( TP+ WPTE TS ) B ( G11naj (T4 + PPT3) + nojdr1opTs  Grinag T + Prane; Ty )
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C.2 Study of Simulation

C.2.1 Resultsinscenariol, ;=5

Table C.1: Results of Monte Carlo simulations of components variance in 2HLM model,

with =5
Monte Carlo estimations
Real Sample= 10 Sample= 50 Sample= 100 Sample= 500
o 5 4.998 (0.113) 4.957 (0.238) 5.047 (0.231) 5.006 (0.226)
o3 729 724.633  (13.905) 730.450 (11.869) 728.943 (13.575) 728.852 (11.519)
o2 900 895.184  (12.494) 900.134 (17.582) 902.952 (13.473) 899.340 (16.298)
T2 100 97.939 (7.281) 99.349  (9.366) 97.615 (9.354) 99.793 (10.768)
T2 144 160.096 (61.952) 143.173  (81.978) 139.715 (87.748) 140.902  (90.239)
Table C.2: Results of Monte Carlo simulations of fixed effects on 2HLM model, with
p=25
Monte Carlo estimations
Real Sample= 10 Sample= 50 Sample= 100 Sample= 500
o 6.986  (0.179) 6.999 (0.187) 6.987  (0.187) 6.992 (0.176)
0'9 0.905 (0.022) 0.901 (0.016) 0.899 (0.017) 0.899 (0.017)
Ba 15'0 14.998 (0.032) 15.001  (0.035) 14.997 (0.035) 15.001 (0.035)
5'0 4.997 (0.021) 5.000 (0.020) 5.002 (0.021) 5.000 (0.022)
2.0 2.018 (0.141) 2.007 (0.320) 2.039 (0.304) 1.994 (0.338)
3 0.5 0.480 (0.146) 0.492 (0.321) 0.463 (0.303) 0.505 (0.337)
’ 20.0 20.011  (0.025) 20.001  (0.029) 19.999 (0.035) 19.999 (0.033)
0.5 0.499  (0.014) 0.502 (0.017) 0.497 (0.018) 0.499  (0.017)
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Table C.3: Results of Monte Carlo simulations of variance components in 1HLM model,

with =5
Monte Carlo estimations
Real Sample= 10 Sample= 50 Sample= 100 Sample= 500
ag 729 724.63  (13.906) 730.45 (11.870) 728.94 (13.576) 728.85 (11.520)
o2 900 895.18 (12.495) 900.13  (17.583) 902.95 (13.473) 899.34 (16.298)
‘rg 100 97.94 (7.282) 99.35 (9.366) 97.61 (9.354) 99.79  (10.768)
T2 144 2606.82 (178.095) 2580.02 (201.911) 2620.50 (212.442) 2634.00 (232.330)

Table C.4: Results of Monte Carlo simulations of fixed effects estimation in 1HLM model,

with 4 =5
Monte Carlo estimations
Real Sample= 10 Sample= 50 Sample= 100 Sample= 500
70 6.981 (0.181) 7.001 (0.188) 6.987 (0.186) 6.992 (0.176)
0'9 0.905 (0.022) 0.901 (0.016) 0.899 (0.017) 0.899 (0.017)
Ba 15'0 14.999 (0.032) 15.001  (0.036) 14.997  (0.036) 15.001 (0.035)
5'0 4.997 (0.021) 5.000 (0.020) 5.002 (0.021) 5.000 (0.022)
2.0 2.018 (0.141) 2.007 (0.322) 2.039 (0.304) 1.994 (0.338)
3 0.5 0.480 (0.146) 0.492 (0.321) 0.463 (0.303) 0.505 (0.337)
’ 20.0 20.011  (0.025) 20.001 (0.029) 19.999 (0.035) 19.999 (0.033)
0.5 0.499 (0.014) 0.502 (0.017) 0.497 (0.018) 0.499 (0.017)
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C.2.2 Results in scenario I, i = 0.5

Table C.5: Results of Monte Carlo simulations of components variance in 2HLM model,
with 4 = 0.5

Monte Carlo estimations

Real Sample= 10 Sample= 50 Sample= 100 Sample= 500
I 0.5 0.542 (0.0833) 0.498 (0.084) 0.494 (0.0811) 0.5 (0.0932)
a§ 729 731.831 (15.5124) 730.304 (12.8073) 729.225 (10.9322) 729.457 (11.6532)
ag 900 905.915 (11.5656) 893.665 (14.7667) 901.438 (14.0915) 899.972  (15.5468)
T§ 100 100.422 (14.7331) 101.656  (10.6117) 100.505  (9.7297) 99.597  (10.3115)
TZ 144 140.523  (18.1887) 143.08 (15.28) 146.446  (13.4957) 142.284 (16.1153)

Table C.6: Results of Monte Carlo simulations of fixed effects estimation in 2ZHLM model,
with 4 = 0.5

Monte Carlo estimations

Real Sample= 10 Sample= 50 Sample= 100 Sample= 500

70 7.046 (0.102) 6.998 (0.106) 7.008 (0.111) 7.004 (0.106)

0'9 0.907 (0.012) 0.900 (0.009) 0.899 (0.010) 0.900 (0.009)

Ba 15'0 14.990 (0.018) 15.001  (0.019) 15.002 (0.020) 14.998 (0.019)
5'0 4.992 (0.011) 4.999 (0.009) 5.000 (0.011) 5.000 (0.010)

2.0 2.036 (0.148) 2.022 (0.218) 2.013  (0.208) 1.999 (0.216)

5 0.5 0.461 (0.147) 0.477 (0.222) 0.4863  (0.209) 0.5009 (0.215)
2 20.0 19.993 (0.019) 20.001 (0.019) 20.001 (0.018) 20.000 (0.018)
0.5 0.503  (0.011) 0.500 (0.010) 0.500 (0.009) 0.500 (0.010)
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Table C.7: Results of Monte Carlo simulations of variance components estimation in
IHLM model, with ;4 = 0.5

Monte Carlo estimations

Real Sample= 10 Sample= 50 Sample= 100 Sample= 500
ag 729 731.831 (15.5124) 730.304 (12.8073) 729.225 (10.9322) 729.457 (11.6532)
o2 900 905.915 (11.5656) 893.665 (14.7667) 901.438 (14.0915) 899.972  (15.5468)
7-3? 100 100.422 (14.7331) 101.656  (10.6117) 100.505  (9.7297) 99.597  (10.3115)
‘rf 144 169.989  (14.3712) 168.783  (16.2507) 171.643 (15.1116) 167.929  (17.4677)

Table C.8: Results of Monte Carlo simulations of fixed effects estimation in 1HLM model,
with 4 = 0.5

Monte Carlo estimations

Real Sample= 10 Sample= 50 Sample= 100 Sample= 500

70 7.046 (0.101) 6.998 (0.106) 7.008 (0.111) 7.004 (0.106)

0'9 0.907 (0.012) 0.900 (0.009) 0.899  (0.010) 0.900 (0.009)

Ba 15'0 14.990 (0.018) 15.001 (0.019) 15.002 (0.020) 14.998  (0.019)
5'0 4.992 (0.011) 4.999 (0.009) 5.000 (0.011) 5.000 (0.010)

2.0 2.036 (0.148) 2.022 (0.218) 2.013  (0.208) 1.999 (0.216)

3 0.5 0.461 (0.147) 0.477 (0.222) 0.486 (0.208) 0.500 (0.215)
’ 20.0 19.993 (0.019) 20.001 (0.019) 20.001  (0.018) 20.000 (0.018)
0.5 0.503 (0.011) 0.500 (0.010) 0.500 (0.009) 0.500 (0.010)
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