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ABSTRACT

In the last few decades, educational research has largely demonstrated the effects of the
socio-economic background on academic performance. Traditionally, researchers have used
the so-called contextualised value-added (CVA) concept, implemented via multilevel statistical
models, to assess variation in learning outcomes arising from schools and pupils. Depending on
the stakeholders they intend to inform, two basic types of CVA models can be defined: models
for school accountability and models for school choice. School accountability models can be
further distinguished according to the ‘recipient’ of the information: internal models provide
information for school authorities to improve their own practices, while external models
provide information for government officials to assess school performance for policy-making
purposes. Despite the evidence in favour of the use of more complex models for school
accountability, government practice in Chile has been restricted to the use of raw school
averages in standardised tests as indicators of effectiveness, which have been used
indiscriminately for the purposes of school accountability and school choice.

Using data from the Chilean National Pupil Database (SIMCE 2004-2006), this thesis
demonstrates how the traditional CVA (2-level) models fall short in addressing the complex
phenomenon of academic performance, especially in the context of a developing and highly
unequal country, such as Chile. The novelty of the CVA modelling in this thesis is that it extends
and improves the traditional models insofar as they explicitly assess the variation between
pupils, classrooms, primary schools, secondary schools and local authorities, as well as the
correlation between Mathematics and Spanish Language at all levels. This is done by
implementing two univariate 4-level CVA models for progress in Mathematics and Spanish
fitted separately via maximum likelihood estimation (MLE) and a bivariate 5-level cross-
classified CVA model for progress in both subjects fitted via Markov Chain Monte Carlo (MCMC)
estimation.

External school accountability measures were derived from the extended univariate and
multivariate models and compared to measures derived from a model akin to the traditional
approach. A number of key differences were found, leading to the conclusion that further
adjustments to the traditional CVA models are not negligible. The univariate 4-level CVA
models provide more insight into school accountability than the traditional approach in a
straightforward fashion, while the bivariate 5-level model encompasses a more reliable and
ultimately comprehensive view on school performance.

With regard to internal school accountability, further models were specified with the purpose
of analysing pupils' heterogeneity to inform school improvement processes. The concept of
“cultural capital" (Bourdieu, 1977) was chosen to shed light on the matter. Since cultural
capital is essentially immeasurable, a latent variable was constructed from a group of manifest
variables related to access and use of reading materials. From a substantive point of view, this
thesis shows how access to all sorts of reading materials and reading habits can have not only
a relevant impact on pupils' progress in Language, but also in Mathematics.

Finally, this thesis concludes around three main ideas: firstly, school value-added models for
school accountability, either external or internal, need to take into account the complexity of
influences affecting pupils' academic progress as thoroughly as possible, in order to make a fair
assessment of schools' performance and/or to inform school improvement policies. Secondly,
school effectiveness is not a unidimensional process, which implies that school value-added
models should ideally (when there are available data) reflect upon the multidimensionality of
the phenomenon and take into consideration the relationship between different subjects, as
well as non-academic outcomes. Thirdly, CVA models can also be used to inform internal
school accountability by analysing the effects of meaningful modifiable factors and potentially
serve as drivers of school improvement policies.
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Chapter 1: Introduction

In the last few decades, educational research has largely demonstrated the effects of socio-
economic and demographic characteristics of the schools and the pupils on academic
performance. Traditionally, educational researchers have implemented the so-called
contextualised value-added (CVA) models to assess variation in learning outcomes (usually
standardised tests of Mathematics, Language and other subjects to a lesser extent) arising
from schools and pupils, by implementing multilevel statistical models. These models can also
be used (and have been used) for informing school accountability to various stakeholders,

including policy-makers, head teachers, parents and carers, etc.

The specific characteristics of such CVA models ought to be adapted to the ultimate purpose of
the specific stakeholders they intend to inform. Other researchers have made clear distinctions
between two basic types of school value-added models: a) models for school accountability
and b) models for school choice. The difference between the two types lies mainly in the type
of variables for which the models control. In school accountability models, further distinctions
can be made as per whom the accountability is directed to; these could be either internal,
when the information is used for processes that head teachers and other school authorities
can carry out to analyse and improve their own practices, or external, when the information is

used by government officials to assess school performance for policy-making processes.

Despite an overwhelming amount of evidence in favour of the use of such models for school
accountability, government practice in Chile has been restricted to the use of school averages
in the SIMCE standardised tests as indicators of school effectiveness. SIMCE stands for
"Sistema de Medicion de la Calidad de la Educacién”, which can be translated as System for
the Measurement of the Quality of Education. These raw school averages in the SIMCE tests
have been used indiscriminately for the purposes of school accountability and school choice,
which is problematic because those two purposes entail diverse analytical choices; this is
discussed in more detail in chapter 2. Nevertheless, a new accountability system that takes
into account some of the principles of value-added research is being developed and is soon to
be piloted in 2015 by the newly created Chilean Agency for the Quality of Education. This is
certainly a valued improvement in practice; however, the main issue with this new
accountability system is that it has been designed to implement Multiple Linear Regression
(MLR) models to adjust school averages, which is undoubtedly a major setback. This issue is
critical given the high stakes; schools performing insufficiently, as judged by this system, could

face closure.
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Using data from the Chilean National Pupil Database (SIMCE 2004-2006), this research
demonstrates that the traditional value-added models (2-level CVA models), let alone MLR
models, fall short in addressing the complex phenomenon of academic performance, especially
in the context of a developing country. This is because they rather unrealistically assume,
amongst other aspects, that a) there are no differences between classes within schools; b)
school effectiveness does not vary across areas; c¢) there are no relationships between
different subjects; and d) only the last school attended affects pupils' performance. Ignoring
these untenable assumptions leads to a large overestimation of the school effects. The novelty
of the CVA models in this research is that they extend and improve the traditional 2-level
school value-added models insofar as they explicitly assess the variation between pupils,
classrooms, primary schools, secondary schools and local authorities, as well as the correlation

between Mathematics and Spanish Language at all levels.

External school accountability measures were derived from the extended and more complex
CVA models and compared to measures derived from simpler models. This is done with the
purpose of determining whether there are relevant differences and drawing conclusions with
respect to the practical usefulness of the more complex models, especially concerning the

implications around school accountability.

With regard to internal school accountability, further models were also specified with the
purpose of analysing pupils' heterogeneity to inform school improvement processes. By
definition, contextualised value-added models give insight into how the context where the
learning takes place affects academic performance; however, when the focus is set on external
school accountability, the models seek to control for non-malleable pupils' and schools'
characteristics in order to isolate the "true" school effects. Naturally, this does not suffice from
the perspective of internal school accountability, because "true" school improvement can only
be brought about by intervention on critical malleable factors affecting pupils' learning. A
somewhat ill-conceived school improvement can also arise from a restrictive school selectivity
policy; however, results from such policies do not reflect upon real increases in school

effectiveness.

A relevant source of insight into the matter of school improvement might be derived from the
concept of "cultural capital" (Bourdieu, 1977), which can be understood as a set of
instruments/tools that enable the appropriation of the cultural heritage of any given Society.
Cultural capital is hypothesised to affect academic performance directly and indirectly through
other socio-economic conditions, insofar as the value of the cultural capital possessed by

individuals heavily depends on their socio-economic position.
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Since cultural capital is essentially immeasurable, a latent construct approach was adopted in
this research. A measure of cultural capital was constructed from a group of manifest variables
related to access and use of reading materials. Then a series of multilevel models are
implemented to delve into the relationship between cultural capital and pupils' academic
progress in order to inform internal school accountability or improvement processes. The
analyses show that the latent construct "cultural capital”" has a relevant impact on analysing
educational inequalities, which can eventually constitute useful information for implementing

policy not only at the school level, but also at the level of local and central government.

In chapter 2, the relevant literature is reviewed and analysed in relation to the questions this
research attempts to address. The overall argument of the literature review can be
summarised as follows: it is known from previous research that socio-economic conditions and
cultural capital affect pupils' progress and school value-added in Mathematics, Language and
other subjects, as well as non-academic outcomes. However, the way in which those two
elements have been analysed has not included all the relevant factors; this is especially true
for the case of the analysis of school value-added, where traditional models are incomplete.
On another front, socio-economic conditions and cultural capital can affect pupils'
performance at different levels directly and indirectly, and these effects can even be
moderated by each other and other factors and levels of aggregation. Given all these effects, it
is of the utmost relevance to give careful attention to the models specified for external school
accountability in order to assess schools fairly. Furthermore, internal school accountability can
also be better informed via CVA models analysing pupils' heterogeneity in more depth. From a
policy-making perspective, isolating schools' and pupils' effects can ultimately provide a better
picture of how pupils attain what they attain, which can give us insight into how to improve
overall achievement. This chapter also includes a series of definitions and historical references
to situate this research in a disciplinary context and provide an overall picture of the body of

knowledge of school effectiveness research and how it has been constructed over the years.

In chapter 3, the methods and data used in this research are described and explained. A special
emphasis is given to the implementation of a multilevel modelling approach to analyse school
value-added, since this is the main focus of this study. This chapter begins with a brief review
of the MLR approach as a starting point from which more complex and realistically accurate
multilevel models can be constructed, considering the complexity of the school performance
phenomenon and the underlying assumptions of each subsequent model in the model building
process. The chapter moves from MLR models to variance component models, where the total

variance in test scores is decomposed into two sources, i.e. pupils and schools. It then moves
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on to the traditional value-added models, where prior attainment and socio-economic
variables are taken into account, but preserving the basic 2-level structure of pupils nested
within schools; then the complexity of the models increases to pair up with the complexity of
the network of influences in academic achievement by specifying further levels of aggregation
to take into account some of the various overlooked assumptions of the traditional CVA
models. Furthermore, this chapter discusses the measurement model implemented to
construct the latent variable of cultural capital. Finally, this chapter also describes the SIMCE
database and the specific datasets that were used in this research and the analytical strategy

to be implemented in the subsequent chapters of results.

Chapter 4 presents the first set of results focusing on the extended school value-added models
for progress in Mathematics and Spanish Language. The overall purpose of this chapter is to
show how a rather straightforward extension of the traditional CVA models can make a fairly
large difference when using these models for school accountability purposes. The extension
consists mainly of specifying two sources of variation in test scores as random effects in
addition to the variation between pupils and secondary schools, i.e. the variation between
classrooms within secondary schools and the variation between local authorities. The model
for Mathematics progress is developed throughout the chapter to compare then the results to
the model for progress in Spanish Language. These models have two main caveats: a) they are
univariate and hence they convey a unidimensional notion of school effectiveness and; b) they
lack control for the carry-over effects from primary schools, which makes them still liable to be
deemed as incomplete. Nevertheless, their practical and substantive value lies precisely in
their relative simplicity and readability for a non-statistical audience, assuming some

familiarity with traditional multilevel CVA models.

Chapter 5 makes a further attempt to tackle the issues around the neglected assumptions of
the traditional CVA models by analysing school value-added from a multidimensional
perspective. More specifically, the implemented CVA model addresses the two main
shortcomings of the univariate models for progress in Mathematics and Spanish Language
presented in chapter 4; the model assesses school value-added in both subjects
simultaneously while also controlling for the random effects at the levels of primary schools in
addition to the levels of pupils, classrooms, secondary schools and local authorities, as already
presented in chapter 4. This bivariate cross-classified CVA model proves even more effective in
controlling for spurious bias in the extended univariate CVA models presented before, let
alone the traditional CVA models, while it produces more precise and consistent school

classifications. Nonetheless, in its strength also lies its weakness, i.e. its increased complexity,
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which makes it less accessible for a non-statistical audience. This chapter concludes that there
is indeed a significant underlying relationship between progress in Mathematics and Spanish
Language, and potentially other subjects as well, which needs to be taken into account when

analysing the performance of pupils and schools.

Chapter 6 aims to analyse pupils' malleable factors affecting academic outcomes with the
purpose of informing internal school accountability as opposed to the focus on external
accountability in previous chapters. In this chapter, the models are set out to analyse the
relationship between the latent construct of cultural capital and the progress in Mathematics
and Spanish Language, preserving most of the main features of the CVA models in previous
chapters, namely: the relationship between both subjects is taken into account; there is a
reasonably complex model structure of pupils nested within secondary schools within local
authorities and; there are reasonable controls for socio-economic and prior attainment in
order to provide sufficiently contextualised information. As mentioned before, the construct of
cultural capital proved useful to analyse malleable pupils' heterogeneity in Spanish Language
progress as well as in Mathematics and consequently to inform school improvement processes
by showing the potential impact of reading habits and access to reading materials on academic

outcomes.

Finally, chapter 7 presents the overall discussion of the results from the statistical analyses of
previous chapters. The discussion contrasts the empirical results with the underlying theory
around four main topics that work together as a way to introduce the conclusions of this thesis
that are presented in chapter 8. The conclusions revisit the research questions spelt out in
chapter 2 and develop three main ideas around them. Additionally, the implications for public
policy are discussed in close link to these three main conclusions throughout chapter 8. Lastly,
some recommendations for further research on school value-added, school accountability and

other specific topics are outlined.
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Chapter 2: Literature Review

2.1. Introduction

In this chapter, the relevant literature in the research areas related to school value-added and
school effectiveness is reviewed to provide the theoretical background that helps unfold and
guide the research questions at the end of the chapter. The review focuses on topics such as
external and internal school accountability, school choice, the methodological challenges of
analysing school value-added along with its purpose and the relationship between the socio-
economic characteristics of the pupils and the socio-economic context of the schools, their
academic performance and how schools contribute to this process. In order to contextualise
this research and its purposes, the chapter also presents and discusses the current state of the
art of Chilean-based research on school effectiveness along with some background information
on the education system as well as the current government practice regarding school

accountability.

This chapter deals with five main topics. Section 2.2 aims to situate this research in a
disciplinary context and to give insight into how models of educational effectiveness and
school value-added came about, focusing on the history and definition of the concepts of
school effectiveness, school improvement, educational quality and how these are interrelated.
In section 2.3, the aim is to discuss the most relevant theoretical, empirical and
methodological aspects of school value-added models, in order to establish the foundations on
which more precise and fairer internal and external school accountability systems can be built.
Next, in section 2.4, the purpose is to discuss the concept of school accountability and its
implications as this is central to the practical purpose of this research. Section 2.5 builds upon
the concepts and issues around school value-added research discussed in the previous section
to shift towards the analysis of internal school accountability; this is done by outlining the way
in which structural socio-economic factors operate in conjunction with cultural capital to shape
pupils' academic success. Section 2.6 seeks to describe the context in which the Chilean
education system is embedded, focusing on education inequalities due to socio-economic
background. Finally, section 2.7 summarises the key concepts and section 2.8 enunciates the

research questions to be tackled in this thesis and the rationale behind them.
2.2. The foundations and history of the study of educational quality

The concept of school effectiveness came along with the notion of quality of education. It was
initially developed during the period after the Second World War, when educationists saw the

potential of the applications of the concept of quality that was firstly used in industrial
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contexts for the control of the quality of products and services (Kumar & Sarangapani, 2004;
Sallis, 2002). Afterwards, a rather managerial perspective was introduced into the educational
field, but the concept of quality grew apart from that approach and now has its own
framework with substantive meaning and applications. This has brought about a more
educationally-focused body of research on what it means to have a good quality school (or
school system), how to measure quality and its implications. However, as it will be presented
later on, the implementation of the idea in the reality of schools by different actors can vary
widely, with the intervention and inclusion of different elements involved in the school (or

school system) processes.

School effectiveness research has also a vast literature, which can be traced back to the
decade of the 1960’s, with the appearance of the first studies which claimed to be assessing
the level of effectiveness of schools (Coleman et al., 1966; Jencks et al., 1972). From this
starting point, numerous different perspectives have arisen, as it will be discussed in later

sections (2.2.2 and 2.2.3).

More recently, public and international academic debate on education has focused mostly on
policy issues surrounding external school accountability and raising academic standards.
Kumar and Sarangapani (2004) argue that a special emphasis on this has been put in
developing countries; however, their approach has been rather technocratic. The authors go
further and claim that the ill result is that developing countries have ended up in an
unintended and endless "catching up" race with the school systems of developed countries,

instead of creating sustainable conditions for the improvement of education for all children.

School effectiveness research (SER) is strongly related to the development of the research and
policy on educational quality. Luyten et al. (2005, p. 249) define SER as “the line of research
that investigates performance differences between and within schools, as well as the
malleable factors that enhance school performance”. This line of research has a great deal of
diversity and perspectives; some authors (see for example: Creemers, 2007; Luyten et al., 2005;
Reynolds et al., 2000; Scheerens, 2000) have developed meta-analyses of SER sorting out the
studies based on a number of different criteria, such as purpose, scope, methodologies
involved, etc. Considering their object of study, a number of major strands of SER can be
defined. The first major strand to be taken into account is that of the ‘school effects research’
(Reynolds et al., 2000), which includes studies concerned with the properties of the school
effects, i.e. the outcomes produced by schools at the level of pupils (results in standardised
tests), with analyses ranging from the adaptation of input-output models in its early stages to
the implementation of multilevel models in the most recent studies. Regarding the analysis of

processes within schools, there is another major strand in SER, defined by Reynolds et al.
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(2000) as ‘effective schools research’. This strand is focused on the analysis of the internal
processes of effective schools, which have developed from case studies of outlier schools, to
the most recent focus on the analysis of classroom within schools. Furthermore, there is an
increasing interest in studying ineffective schools, as effective schools have been more

frequently researched.

Another important strand in school effectiveness research is the one that analyses the
processes by which educational institutions can be changed to improve their results. This is
known as ‘school improvement research’, which can be understood as the application of the
generic school effectiveness models to practical situations in real schools. This line of research
is concerned with the educational policy implemented at all levels of the system, i.e. school

districts, institutions and classroom improvement programmes.

From another conceptualisation, Scheerens (2004, p. 2) includes in this classification of the
school effectiveness research areas, the "research on equality of opportunities in education
and the significance of the school in this", which may be understood as a line of studies
concerned with the sociological analysis of educational inequalities. This area of research
might also be categorised as a subset of the "school improvement research", in terms of its
contribution to the understanding of the role that schools play in society and the way to
improve educational outcomes. This author further defines the "economic studies on
education production functions", as studies concerned with the analysis of the economical
processes involved in the educational systems. In terms of public policy, the author also
includes the evaluation of compensatory programmes in this classification, but these studies
can be considered as a part of the school improvement strand, given that they analyse the

processes involved in (improvement) programmes implemented in schools.

In spite of the definitions presented above, this review will focus on a more generic and
summarised categorisation of lines in SER, which has on the one hand the ‘School
Effectiveness’, i.e. the studies concerned with the analysis of the school, including effects of
schooling, processes, student outcomes, from a mainly quantitative point of view, and on the
other hand the ‘School Improvement’ strand, which is concerned with the implementation of
school policy interventions towards improvement in the provision of schooling. This implies a
more marked focus on institutional outcomes, conditions and organisation, which are very
frequently analysed from a qualitative point of view. In this study, these two lines of thought
are considered to be complementary as one is concerned with the description of the current
conditions and the other takes into account what has been analysed in order to improve

schools (or the school system).
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2.2.1. A brief historical overview of school effectiveness research

In the very early stages of development of school effectiveness research, which extended from
the mid 1960’s until the early 1970’s, the predominant paradigm was the ‘input-output model’.
These studies were mostly economically driven, focusing on inputs such as school resources
and student background. The first conclusions that emerged from this line of research
indicated that “school made no difference” (Coleman et al., 1966; Jencks et al., 1972). Such
conclusions were drawn upon the evidence found that the differences recorded in pupils’
achievement were more associated with socio-economic background rather than school

conditions (Reynolds et al., 2000).

These initial conclusions about the role that school played in the learning and attainment of
students were heavily criticised from the early 1970’s. Right after the first input-output model
studies, a number of studies were conducted to dispute their results. In these studies, the
notion of ‘educational process’ was introduced and therefore variables such as library
resources, classroom information, school assignments, strong leadership, high expectations,
etc. were included in the school effectiveness models. The main difference between this
particular line of studies and its predecessors is the dynamism added by the analysis of the
ongoing school processes (Reynolds et al., 2000), which were analysed in early studies as static

input school characteristics.

From the late 1980’s, school effectiveness research has developed greatly, mainly because of
the development of highly sophisticated statistical methods such as multilevel modelling (Hill
& Rowe, 1996; Reynolds et al.,, 2000). A more thorough account of recent developments is

discussed in later sections, more specifically in section 2.3 on school value-added research.

2.2.2. The quality of schooling and school improvement

The concept of "quality" emerged in industrial contexts after the Second World War, and was
associated with the quality in production processes. The United Kingdom and the United States
only began to be attracted to this concept in the 1980's after the enormous success of
Japanese industries during the 1970's (Sallis, 2002). At that time, managerial sets of tools,
techniques and norms were created to improve, control and ensure the quality of products
and services; these include, for instance: 1SO9000 (International Organization for
Standardization, 2015), the EFQM model (European Foundation for Quality Management,
2015), the Deming Model (Deming, 1993), amongst others.

During the 1980’s and 1990’s, these models started to be implemented in educational

institutions (Hides et al., 2004; Izadi et al., 1996; Lundquist, 1997; Michael et al., 1997; Van
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Den Berghe, 1998). However, this perspective has been heavily criticised for being too inclined
to managerial practices, such as defining students as customers or clients (Cuthbert, 2010;

Emery et al., 2003; Franz, 1998; Kumar & Sarangapani, 2004; Sax, 2004).

As a response, researchers in the field of Education advocated for a vision on quality based on
the knowledge gained by means of educational studies (Emery et al., 2003; Scheerens, 2000).
Thus, school improvement research emerged during the late 1970's. The main focus of this line
of research was on fostering effective schools rather than describing them as opposed to
school effectiveness research (Reynolds et al., 2000). The ultimate goal was to move towards
greater equity in schools by implementing improvement programmes focused on fostering the

academic progress of disadvantaged pupils.

One of the first and more widely known of these school improvement models is the "five
factor model of effectiveness" (Edmonds, 1979). This model included the following factors: the
leadership of the directive staff, an emphasis on instruction, a safe and orderly organisational
climate, the expectation of teachers, and the permanent monitoring of pupils' achievement
and progress. This particular model was created from the work of the practitioner community
and gained wide acceptance amongst educational practitioners during the 1980's (Reynolds,
1995), but not without heavy criticism (See for example: Coe & Fitz-Gibbon, 1998; Creemers,
1994) because of its alleged lack of theoretical grounding. Later on, other models including
additional relevant factors were proposed; an example of this is the "eleven factor model"
(Stoll & Mortimore, 1997), which emphasised the relevant influence of the school vision and
goals, pupils' discipline, rights and responsibilities, staff development, and parental

involvement on pupils' progress.

The growing concern with the problem of inequalities in education systems, especially in
developing countries, has led international organisations such as the United Nations Children's
Fund (UNICEF) and the United Nations Educational, Scientific and Cultural Organization
(UNESCO), to develop their own frameworks to assess the quality of education, following the

conceptualisation and general precepts of school improvement research.

For instance, UNICEF (2000) highlighted the main aspects of educational quality that need to
be taken into account from the wider perspective of child protection in the context of
developing countries. This institution described the need to ensure: "a) learners who are
healthy, well-nourished and ready to participate and learn, and supported in learning by their
families and communities; b) environments that are healthy, safe, protective and gender-
sensitive, and provide adequate resources and facilities; c) content that is reflected in relevant

curricula and materials for the acquisition of basic skills, especially in the areas of literacy,
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numeracy and skills for life, and knowledge in such areas as gender, health, nutrition, and
peace; d) processes through which trained teachers use child-centred teaching approaches in
well-managed classrooms and schools, and skilful assessment to facilitate learning and reduce
disparities, and finally; e) outcomes that encompass knowledge, skills and attitudes, and are

linked to national goals for education and positive participation in society" (p. 3).

On another front, UNESCO (2004) attempted to define a comprehensive framework for
understanding education quality from a system-wide perspective. According to this institution,
educational quality needs to be analysed as a country-wide series of processes, which can be
classified into four broad areas: a) learner characteristics, which include aptitudes,
perseverance, school readiness, prior knowledge, barriers to learning; b) enabling inputs,
which includes teaching and learning (time, methods, assessment, feedback, incentives and
class size), materials, human resources and school governance; c) outcomes, which should at
least include literacy, numeracy, life skills, creative and emotional skills, values, social benefits,
and finally; d) context, which involves the analysis of the influence of economic and labour
market conditions in the community, socio-cultural and religious factors, educational
knowledge and support infrastructure, public resources available for education,
competitiveness of the teaching profession on the labour market, national governance and

management strategies, parental support, national standards, public expectations and so forth.

As can be seen from the foregoing, the issue of educational quality is complex and
multifaceted. Nonetheless, for the sake of simplicity, educational quality can be thought of as
having two main foci, namely: pupils’ learning outcomes and school processes. These two foci
are by no means incompatible; on the contrary, they are at the very least complementary. On
the one hand, focusing on learning outcomes implies driving attention to externally observed
results, which is the recording of the actual school effects on pupils, controlling for exogenous
and endogenous causes. This has the advantage of having the capability of generalising and
predicting pupils’ performance or learning outcomes, either in the future or for other contexts.
This perspective is usually known as "School Effectiveness Research". On the other hand,
focusing on school processes implies driving the attention to the quality of the school provision
by describing or analysing the school conditions, infrastructure, the qualifications of the staff,
the school management style, amongst other variables of interest. The advantage of this
viewpoint is its in-depth knowledge of the schools. This perspective is usually known as

"School Improvement Research".

Regardless of whether the focus of the research is set on academic outcomes or school
processes, any educational study needs to incorporate the analysis of structural influential

factors external to the teaching and learning process, such as the socio-economic and
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demographic background. Controlling for such influential factors can serve basically two
purposes: firstly, it allows holding schools accountable for what they are "truly" responsible,
and secondly, it allows focusing interventions on the factors that schools can reasonably

modify. This will be discussed more deeply in sections 2.3, 2.4 and 2.5.

2.2.3. The main contributions of school effectiveness research

School effectiveness research has now an important place in educational research, mainly
because it has contributed throughout the years in a number of crucial aspects in terms of
research, public policy and teaching practice. As noted earlier, during the 1960's educational
research had created a strong belief that "schools do not matter", and therefore, pupils'
educational and occupational future were determined by their socio-economic background
(Coleman et al., 1966; Jencks et al., 1972). This conclusion turned out to be potentially very
harmful in terms of public policy, as it implied that there seemed to be no point in making

large school investments from the State.

Not only school effectiveness research has contributed to the dismissal of the "schools do not
matter" notion, but it has also been able to identify a number of key school factors that
produce measurable positive results (Reynolds, 1995). Moreover, this research line has
contributed to the belief that "teachers matter" as well and, thusly, created a sense of
responsibility and professional acknowledgement of the teaching career. In accordance with
all the contributions mentioned, researchers have created a robust body of knowledge "known
to be valid" (Reynolds, 1995), a foundational understanding of "what works", and a wide
range of tools to diagnose schools and provide training for practitioners, as well as policy-

makers.

Despite all the contributions, widespread diffusion of school effectiveness research results has
been misinterpreted and wrongfully used to create a belief "that schools do not just make a
difference, but that they make all the difference (...)" (Reynolds, 1995, p. 59). This belief is
especially useful for policymakers to promote educational compensatory programmes and
specific school interventions; however, from a sociological point of view, it is not possible for
schools to compensate for inequities in society, because the very fact that schools exist can
facilitate, foster or reproduce social inequalities. This will be discussed more thoroughly in

section 2.5.

More recent contributions of this research strand are related to the sophistication of the
models to make fairer school comparisons, holding schools accountable for the circumstances

over which they have control and inform school improvement interventions in a better way
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(See for example: Leckie, 2009; Timmermans et al., 2013). A more thorough account of such
contributions is unfolded in later sections, especially the section on school-value added

research (2.3).

2.2.4. Criticisms to school effectiveness research

Undoubtedly, school effectiveness research has made considerable contributions to the
educational field, which are almost paired with the amount of criticism it has raised
throughout the years. The most relevant sources of criticism to this line of research can be
found on three key aspects: its political-ideological nature, its theoretical limitations and its

research methodology.

Regarding its political-ideological nature, Luyten et al. (2005) argue that school effectiveness
research lacks ideological independence, which is reflected in the fact that the issues around
the appropriateness of national goals and its correspondence to standardised test are hardly
ever addressed by these studies. Furthermore, these authors criticise the objectivity of such
studies, because of the little attention paid to the extent to which schools can boost children's
achievement. In other words, the actual size of the school effects is not a clear matter and this
is highly relevant in terms of public policy, i.e. to what extent can children overcome social
inequities by means of education? The fuzziness of the response to this question may be
leading to a school inspection and culture based on blame (Rea & Weiner, 1998) and guilt
(Hargreaves, 1994). This is also related to the high-stakes testing approach (Au, 2007), which is

discussed later in this review.

Likewise, the theoretical limitations of SER have to do with the stronger preference for
statistical grounding to justify the inclusion of variables in the models, rather than theoretical
grounding (Coe & Fitz-Gibbon, 1998). In addition to this, some criticisms come from some
authors identifying blind spots such as: the stronger emphasis put on the most malleable
factors as a result of the goal of SER, that is identifying the factors that lead to the best results
(Scheerens & Bosker, 1997). Similarly, according to Luyten et al. (2005), authors have tended
to overlook the question of which school and classroom structures are the best for different
types of students, i.e. there is no reliable answer to the question of differential effects.
Moreover, the effectiveness criteria sets have been criticised for their narrowness, which
occurs when researchers adjust their theoretical framework to the data available (Coe & Fitz-
Gibbon, 1998), leading SER to be excessively oriented towards accountability (Lingard et al.,
1998). This is why various researchers (Au, 2007; Sahlberg, 2007, 2010) advocate for a new
approach on accountability that encourages school improvement instead of focusing on

rewards and sanctions. This is discussed in more detail later in this review (section 2.4).
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The criticism to the methodology used in SER has to do firstly with the definition of school
effects. Coe and Fitz-Gibbon (1998) remark that what researchers most commonly define as
the "school effect" is the variance in the data that has not been explained by the school
characteristics (input) controlled in the study. However, this conceptualisation of school
effects is widely accepted and follows rigorous methodological and statistical criteria (See for
example: Goldstein, 1997; Raudenbush, 2004; Timmermans et al., 2011); this is discussed more
deeply in the section of school value-added research of this review (section 2.3). Secondly,
other methodological issues are related to the overwhelming attention drawn to effectiveness
and the scarce importance given to the study of ineffectiveness. In this respect, Reynolds and
Teddlie (2001) argue that SER has tended to focus excessively towards normal or average
schools. Likewise Scheerens and Bosker (1997) advocate for research delving into the
processes by which ineffective schools improve and effective schools decay, by combining the
utilisation of large-scale national databases to examine school development deeply, and more

rigorous in-depth data collection.

The next section integrates the foregoing foundational concepts into the most recent

discussions around school effectiveness and school value-added, which sustain this research.

2.3. School value-added: foundations, methodological challenges and extensions

Educational inequalities have been a great concern for practitioners, policy-makers and
researchers during the last decades. Views vary between those authors who claim that
"schools do not matter" (see for example: Coleman et al., 1966; Jencks et al., 1972), to those
who claim that in fact "schools and teachers do make a difference" (or can add value to) in the
educational trajectories of disadvantaged pupils (See for example: Reynolds, 1995; Scheerens
& Bosker, 1997; Scheerens, 2000, 2004). The extent to which schools can contribute to
overcome socio-economic inequalities has been one of the main questions that educational
researchers have tried to address; the question of how effective schools are, from the
perspective of disadvantaged pupils, refers to how schools foster pupils' performance beyond
what is expected given their initial attainment and the obstacles they have to overcome from a
given socio-economic situation (Creemers, 1994; Goldstein, 1997; Reynolds, 1995; Scheerens &
Bosker, 1997). In other words, the main "effectiveness question" from the perspective of this
research field is "Which schools actually add 'value' to the educational trajectories of their

pupils?"

The discussion about "value-added" has its origins in the field of measuring school
effectiveness, and simply refers to the amount of value added to any given student's test

outcome that is uniquely attributable to attending a particular school (Scheerens, 2000, pp.
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18-19). School effectiveness itself is a controversial term. According to Goldstein (1997, 2001)
value-added indicators are inherently uncertain and are relative to other schools’ performance.
Thus the most appropriate concept is "relative school effectiveness". An effective school is
defined here as one that encourages the progress of all its pupils beyond what is expected
given their initial levels of achievement and socio-economic (and cultural) background,
ensuring in a sustainable manner, that all students get the highest possible outcomes and
improvement in every aspect of their development and performance (Scheerens, 2000). Value-
added is "an indication of the extent to which any given school has fostered the progress of all
students in a range of subjects during a particular time period in comparison to the effects of

other schools in the same sample" (Sammons et al., 1997, p. 24).

From this discussion, it is also derived that the terms "school effectiveness" and "school value-
added" can be used interchangeably, insofar as, underlying both concepts, there is the idea of

measuring the contribution of schools to the progress made by pupils in diverse subjects.

2.3.1. The measurement of school value-added and its practical implications

One indicator of school performance has been the averages in standardised tests. This has
proved to be flawed given the risk of drawing seriously misleading conclusions as a result of
the "ecological fallacy"’, since relationships between variables might well be radically different
at the school level compared to the pupil level, which does not allow us to infer about
differential effects when comparing groups of students within schools (Gibson & Asthana,
1998; Goldstein & Spiegelhalter, 1996; Goldstein, 1997, 2001). The problem is more
pronounced when yearly comparisons of school averages are made, since these comparisons
are performed between different cohorts and without controlling for pre-existing differences
between pupils (Goldstein, 1997). For instance, a sudden rise in the average of a particular
school could be due to an uncontrolled increase in the number of better-performing pupils
who are admitted to the school instead of an actual improvement of the school's effectiveness.
In other words, schools could appear to have improved their scores simply by recruiting better-
performing pupils. Despite all these downsides, current government practice in Chile still
employs school averages as indicators of effectiveness (San Martin & Carrasco, 2012).

Although this practice is changing as it will be discussed later on.

Researchers have advocated for a change in these practices, because of the indisputable
amount of evidence in favour of more sophisticated statistical techniques for the analysis of

school performance for public accountability (Goldstein & Thomas, 1996), such as multilevel

'The ecological fallacy (Robinson, 1950) is a mistaken conclusion about the individuals of a group drawn
from the sole analysis of group (aggregated) data.
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modelling, which has become standard practice in educational research. These models
traditionally analyse variation in test scores at the level of pupils as well as schools, and have

been proved to be fruitful.

There is a variety of multilevel models that have been used to analyse school effectiveness. For
a start, "gross school effects" or "type 0" value-added models (Timmermans et al., 2011)
specify a certain standard measure of attainment as the outcome and account only for the
variance at the school and pupil level. They are empty models as described in the multilevel
modelling literature (Goldstein, 2011). Nevertheless, it is not accurate to regard such models
as value-added, because they do not measure progress. The simplest school value-added
model that can be specified is the "raw" value-added (VA), which measures the progress made
by the students controlling for their prior attainment. This model is said to measure the
contribution of the school (school value-added) to the change in pupils' attainment (progress),
but does not consider contextual information and thus it is deemed to be a "raw" measure of
value-added. This definition corresponds to various names by various experts: “value-added”
was previously used by the English Department for Education (Ray, 2006), "type AA" value-
added (Timmermans et al., 2011) and "adjusted (school) comparisons" (Goldstein, 1997) are

also amongst the "synonyms".

From this (VA) model, it is possible to derive raw school value-added estimates, which
correspond to the shrunken residual point estimates (also known as empirical Bayes residuals)
of the multilevel model, after controlling for prior attainment (Goldstein, 1997; Ray, 2006). The
problem with this approach is that school prior attainment averages appear highly correlated
with the value-added scores, which results from misspecification of the raw value-added
models (Foley & Goldstein, 2012; Goldstein et al., 2007). This misspecification implies that the
school effectiveness indicators are biased towards those schools serving the highest prior-
attaining students. Consequently, it is necessary to account for differential effects in the
models (Foley & Goldstein, 2012). In other words, a (raw) VA model is misspecified insofar as it
fails to control for relevant factors that influence academic performance while it also fails to

meet relevant statistical assumptions.

Alternatively, contextualised value-added (CVA) models control for prior attainment in the
subject of interest, as well as variables related to pupil socio-economic and demographic
characteristics and school context (many authors agree on this concept, see for example: Foley
& Goldstein, 2012; Goldstein, 1997; Ray, 2006; Sammons et al., 1993). In other references
these models come under the names "type A", when controlling for student-level covariates
only (Raudenbush, 2004; Timmermans et al., 2011), "type B", when controlling for pupil-level

covariates and compositional school-level variables (Raudenbush, 2004; Timmermans et al.,
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2011), and "type X", when controlling for pupil-level covariates and compositional school-level
variables and other non-malleable school factors (Timmermans et al., 2011). This was the

approach and concept adopted by the English Department for Education until 2011 (Ray, 2006).

Beyond the statistical superiority of this approach as mentioned above (i.e. resolving the bias
due to misspecification) there have also been policy relevant arguments in favour of CVA
scores estimation. In particular, educational research has demonstrated throughout the years
that the main sources of differential effects in school performance are unsurprisingly
associated with socio-economic and demographic characteristics of the pupils and the schools.
With respect to public policy, the use of these variables is relevant since using only school
averages (without controlling for socio-economic variables) as indicators of effectiveness
implicitly makes the schools accountable, for better or worse, for circumstances they cannot

modify or for which they are not responsible (Ray, 2006).

However, CVA scores (and any other VA evaluation system) are not error-free, because they
are products of statistical modelling processes, and hence, inherently uncertain, which is why
confidence intervals should be and have been routinely estimated and published in
performance tables in England (Foley & Goldstein, 2012; Ray, 2006). The use of CVA scores and
their corresponding confidence intervals has some limitations related to high levels of
uncertainty, especially when making predictions about future school performance (Leckie &
Goldstein, 2009, 2011b). Despite these limitations, Leckie and Goldstein (2011b) point out that
performance tables are still retrospectively informative and provide highly relevant

information for holding schools accountable.

Another aspect of the measurement of value added is model complexity. Customarily, these
value-added studies implement multilevel models where variation in standardised test scores
comes from only two sources: schools and pupils. One of the main underlying assumptions of
these models is that school value-added is a latent trait that can be estimated from the
analysis of the performance of the pupils within schools (Timmermans et al., 2013). Some
other relevant and perhaps overlooked assumptions are: a) the last school a pupil has
attended concentrates the whole amount of value-added throughout their educational
trajectory; b) there are no differences between classrooms within schools; c) schools located in
diverse geographical or administrative areas do not differ significantly; and d) there is no
relationship between subjects (this is discussed in more detail in section 2.3.4). These
assumptions are not only strong but rather unrealistic when analysing school performance. In

the next section, these assumptions are discussed and debunked.
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More recent research has pointed out the necessity of increasing the complexity of the school
value-added models by specifying additional levels of variation, which can be either completely
nested or follow a cross-classification pattern (De Fraine et al., 2003; Goldstein et al., 2007;
Leckie, 2009; Martinez, 2012; Rasbash et al., 2010; Timmermans et al., 2013). In these studies,
the levels of neighbourhoods, classrooms, primary and secondary schools, as well as local
education authorities were specified (although not all the levels simultaneously in all studies)
and they were all found to be relevant sources of variation in pupils' test scores. However,
these studies are based in the United Kingdom, the United States and the Netherlands, which
are all developed countries whose education systems are embedded in radically different

socio-economic contexts compared to the Chilean education system.

As Scheerens (2000) points out, international research has demonstrated that the size of the
school effects in developing countries far exceeds the size of the school effects in developed
countries. This is because the education systems of developing countries have to deal with
higher levels of deprivation and multiple inequalities. This would potentially make plausible
the existence of larger effects proceeding from factors external to the school and pupils, which
renders research based on national contexts such as the Chilean even more relevant,

especially for its potential impact on policy-making.

Chile's inequality is reflected in the Gini coefficient’ of 52.1 (The World Bank, 2013) and the
loss of 19% in its Human Development Index (HDI)® due to inequality (United Nations
Development Programme, 2013). Large HDI differences by region and between localities can
also be found (United Nations Development Programme, 2004). This makes plausible the
existence of significant differences in pupils' achievement according to the geographical
location of their school. On another front, Chilean schools have historically put in place
streaming practices, where pupils are assigned to different classrooms according to their
ability level (Torche, 2005), which makes those schools likely to reveal differences in value-
added between classrooms. Despite the evidence in favour of specifying value-added models
that are more complex than the traditional 2-level model, only two recent studies conducted
in Chile (Manzi et al., 2014; Mizala & Torche, 2012) have addressed issues related to the
effects of streaming, the geographical location of the schools or the carry-over effects from

primary school. This will be discussed in subsequent sections (2.3.2 and 2.3.3).

’>The GINI index is a measure of inequality that ranges from 0 to 100, where 0 indicates complete
equality and 100 indicates complete inequality. For a more thorough explanation, see: The World Bank
(2011).

*>The Human Development index (HDI) is a summary measure of achievements in key areas of Human
Development, namely: Health, Education and Income. For a more thorough explanation, see: (Anand &
Sen, 1994).
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2.3.2. The assumptions underlying traditional school value-added models

Traditionally, school effectiveness models have been employed to assess the variation in
pupils' scores sitting one or more standardised tests coming mainly from two sources: the
pupils and the schools. This is done with the objective of distinguishing between the effects of
pupils' abilities and characteristics from the effects of the characteristics of the schools pupils
are attending at the time of the tests. Ultimately, one of the most important aims of such
models is to ascertain the impact of school policy on pupils' progress. School policy in these
models is assumed to be related to all those effects that arise as unexplained variance in a
model, after controlling for relevant non-malleable school and pupils' characteristics. This is

achieved by implementing a standard two-level model, where pupils are nested within schools.

Recent research (Goldstein et al., 2007; Leckie, 2009; Rasbash et al., 2010) has found that the
somewhat standard approach to analyse school effectiveness is incomplete insofar as there
are assumptions underlying these models that are simply untenable for statistical and, more
importantly, substantive reasons. Although making assumptions is an essential and inevitable
part of any statistical modelling process, the consequences of these assumptions and their
suitability for the purposes of the research must also be assessed. This research may indeed
overlook certain aspects of the school performance phenomenon and make hard-to-meet
assumptions due to omission of variables. Nevertheless, the results of this research certainly
constitute valuable information for implementing improvements to current practice in Chile.
The value of the results lie precisely on moving towards a more transparent analysis of the
substantive implications of the most frequently unquestioned assumptions in school

effectiveness research.

Firstly, schools may put streaming in practice, as is the case of Chile (Torche, 2005), which
makes differences between classrooms (within schools) highly likely. The significance of the
classroom effects has been demonstrated by various authors (See for example: Cervini, 2009a;

2012; Murillo & Roman, 2011).

Secondly, assuming that the last school a pupil has attended at the time of the standardised
tests is the only one affecting their academic performance is untenable, because pupils often
have attended other schools besides that one. Moreover, in the case of standardised tests
taken during secondary schooling, it is highly relevant to differentiate pupils according to the
primary schools they attended in order to estimate the long-term carry-over effects that might
still be affecting subsequent attainment. This second point has been deeply explored and its
relevance demonstrated by various authors (Goldstein et al., 2007; Hill & Goldstein, 1998;

Leckie et al., 2010).
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Thirdly, the standard two-level model approach to school effectiveness also fails to discern
geographical effects. When no other higher-level (above the school level) is specified, it is
assumed that there is no other source of variation beyond the differences between schools. In
doing so, the differences between areas are disregarded as trivial and geographical inequalities
that might affect school effectiveness become obscure and confounded with the school-level
effects. In other words, if pupils in a particular school are more likely to obtain similar results
due to having shared a school environment throughout the years, then schools in a particular
geographical area are also more likely to have similar levels of effectiveness due to sharing a
geographical setting as compared to schools in other areas. This school geographical clustering
has been shown to be statistically significant and substantively relevant in other studies

(Cervini, 2009a; Leckie, 2009; Plewis, 2011; Rasbash et al., 2010).

2.3.3. The practical implications of the traditional school value-added models

The previously mentioned adjustments of the traditional approach to school effectiveness are
also of the utmost importance from the perspective of diverse stakeholders. Firstly, adjusting
for classroom effects, from the perspective of the school administration, allows focusing
school policy interventions on particular aspects that may be affecting classes differentially. On
the other hand, from the school choice point of view, parents and carers are generally unable
to choose the class to which they would wish their pupils to be assigned. Hence, an overall
measure of school effectiveness adjusted for classroom effects is more precise with regard to

within-school differences.

Adjusting for effects from previously attended schools has implications for school
administration and school choice as well (Goldstein et al., 2007; Leckie, 2009). Having
information of the primary schools from which pupils come allows schools, for instance, to
pursue remedial actions for disadvantaged pupils. From the parents’ and carers' perspective,
this has two main implications: a) school choice is based on school accountability information
that is less obscure and distinct from carry-over effects from other schools; and b) an

estimation of the effect of pupil's mobility can be derived.

Moreover, adjusting for geographical effects is useful, for instance, for school accountability
purposes insofar as these adjustments allow policy-makers and government officials to have
geographically contextualised information about the schools, which is necessary to focus the
use of resources in a more efficient way. On another front, this information is essential for
policy interventions at the level of local governments, simply because they are limited to
intervene on a circumscribed territory. Last, but by no means least, geographically

contextualised information about school effectiveness is crucial for school choice, since
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parents and carers are most often limited to choose only from those schools located in the

area in which they reside.

2.3.4. School value-added as a multidimensional phenomenon

On another front, traditional school value-added models assume that the subjects under
assessment are unrelated to each other as mentioned in section 2.3.1. This is because even
though a school accountability system may include information on several subjects, as is the
case of the performance tables published by the England and Wales Department for Education
(Ray, 2006), the underlying statistical models do not take the relationships between them into
account. Assuming that there is no relationship between subjects has basically two
implications: a) at the pupil level, a null relationship between two subjects, say, Mathematics
and Language, would imply that pupils have learned both subjects completely separated from
each other; and b) at the school level, this would imply that subjects are taught in an isolated

way.

Several researchers have found that there is a significant link between language development
and mathematical attainment. On the one hand, there is research on how linguistic
impairments can affect mathematical skills development during childhood (Cowan et al., 2005;
Donlan et al., 2007; Simmons & Singleton, 2008); while, on the other hand, there is research
on how generic and specific language skills can affect the development of mathematical skills

of pupils in general (Hecht et al., 2001; Vukovic & Lesaux, 2013).

From the perspective of the linguistic impairments, Donlan et al. (2007) found that children
with a specific language impairment performed significantly lower in a variety of mathematical
tasks than the children in the control group. More specifically, these authors (Donlan et al.,
2007) concluded that language impairment is an inhibitor factor when it comes to the
development of mathematical skills, such as the acquisition of the number sequence, the
development of calculation skills and the acquisition of the place-value principle; while this is
not the case for learning arithmetic principles, which seems to be unaffected. Cowan et al.
(2005) also found evidence that language comprehension affects mathematical skills,
specifically tasks related to addition combinations and relative magnitude. Finally, Simmons
and Singleton (2008), through meta-analysis, found that the difficulties endured by dyslexic
pupils are not limited to language attainment, but are consistently related to mathematics

performance as well.

From a wider perspective, other authors also found evidence of this underlying relationship

between language abilities and mathematics performance of pupils in general. Hecht et al.
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(2001) reported that general verbal ability is persistently correlated with mathematics
computation skills in pupils from Year 2 to Year 5. Along these lines, Vukovic and Lesaux (2013),
using mediation analysis on a sample of Year 3 pupils, also found that verbal analogies had an
indirect relationship with arithmetic knowledge via symbolic numeric skills, while phonological

decoding was directly associated with arithmetic performance.

More recent research conducted in Italy by Sulis and Porcu (2014) provided further insight into
the relationship between Mathematics and Language attainment at multiple levels, more
specifically at the level of schools and geographical areas. The authors found evidence that
schools that perform well in Mathematics also perform well in Language. One limitation of this
study is that no control for prior attainment was specified, and hence, neither pupils' progress
nor school effectiveness could be measured. This correlation between subjects at the school
level seems to be pointing out that school performance is multifaceted. Thus, school
effectiveness models need to incorporate information on a variety of educational outcomes to

be able to ascertain these underlying correlations.

2.3.5. School value-added research in Chile

In Chile, proper school value-added research has only been made possible recently. The SIMCE
evaluation system, until 2006, considered only once the assessment of pupil's achievement of
the National Curriculum goals throughout their educational trajectories. From 2006 onwards,
pupils would sit the SIMCE tests either in years 4 and 8; years 4 and 10; or years 8 and 10. Only
from that point onwards, could school effectiveness studies truly control for prior attainment

in the evaluations and hence school value-added studies were made possible.

Very few Chilean-based studies have discussed some of the issues around analysing the
variation in progress coming only from pupils and schools in school effectiveness models.
Mizala and Torche (2012) implemented two univariate cross-sectional (without controlling for
prior attainment) 2-level models for attainment in Mathematics and Language of pupils in Year
4 in 2002 and pupils in Year 8 in 2004. Their analysis of the Chilean school system covered the
effects of various pupil and school-level characteristics and emphasised the effects of within-
school and between-school socio-economic stratification. The authors also attempted to
control for within-school diversity by adding the standard deviation of an indicator of family
socio-economic status (SES), which they produced via latent factor analysis, as an explanatory
variable at the school level. Regarding geographical location of the schools, the authors
controlled for whether the schools were located in rural areas; however, this indicator variable
does not account for other presumable regional differences, for instance between large cities

and small towns.
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Another recent study by Manzi et al. (2014) proposed an alternative school value-added model
to control for endogeneity present in the univariate value-added model for progress in
Mathematics resulting from a 'traditional approach’, i.e. a 2-level model of pupils nested
within schools with random intercepts only, where prior attainment scores are correlated with
the school value-added estimates, thus violating one of the assumptions of the multilevel
modelling approach. The authors implemented a 2-level random coefficients contextualised
value-added model controlling for parental qualifications, prior attainment, average school
prior attainment and socio-economic status. They demonstrated how the inclusion of average
school prior attainment controls for bias in the estimation of the school effects induced by
school selectivity. Nevertheless, these authors made no specific reference to within-school or

between-localities effects.

Although there are no studies in Chile that analyse explicitly within-school or between-locality
effects, in neighbouring Argentina, Cervini (2009a, 2009b) demonstrated that classroom and
geographical effects are indeed relevant. This author found that the between-school variation
in Mathematics scores was greatly overestimated when using the traditional 2-level model in
comparison to a 5-level model of pupils nested within classrooms, schools, municipalities and
states. These studies are certainly relevant considering the similarities regarding the context in

which the Chilean and the Argentinian education systems are embedded.

2.4. School value-added models as a research tool for school accountability

One of the most important purposes of analysing the contribution of schools to the academic
progress of pupils is school accountability. School accountability in its simplest form can be
understood as the identification of the responsibility that lies with the schools with respect to
their pupils' learning. The traditional approach to implement such notions conveys the
definition of performance standards, school monitoring and inspection, pupils' achievement
testing, as well as rewards and sanctions according to performance (Sahlberg, 2007, 2010).
Furthermore, as in the case of England and Wales, the accountability system can also involve
the publication of school performance tables for public scrutiny (Ray, 2006). This widely-known
and traditional approach can be referred to as external school accountability (San Martin &
Carrasco, 2013). Some authors (Au, 2007; Sahlberg, 2007, 2010) also refer to this approach as
high-stakes testing, where the accent of the accountability system is on the consequences for

schools.

Nonetheless, the purpose of a school accountability system is not necessarily to inform
external stakeholders. Information emerging from such systems can also be used by the

schools to improve their own practices. This is known as internal school accountability (San
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Martin & Carrasco, 2013). Along these lines, Sahlberg (2007, 2010) advocates for an intelligent
accountability approach, where the main focus is set on the information that is useful to help
schools improve their practices and hence their results, while satisfying the demands for

holding schools accountable externally.

In this research, it is shown how school value-added models can serve both the main purposes
of internal and external school accountability, depending on the way the models are specified.
Following Raudenbush's (2004) conceptualisation and further extensions by Timmermans et al.
(2011) on what school value-added models for accountability ought to include, this research
explores different ways to inform school accountability to external stakeholders. Thus, a series
of multilevel models are specified as an attempt to isolate the "true" school effects as reliably
as possible by controlling for all the relevant non-malleable factors affecting pupils' progress in
a realistically and sufficiently complex way, with the ultimate purpose of comparing schools
fairly. This conceptualisation is then extended to inform internal school accountability by
incorporating the analysis of a meaningful malleable factor affecting pupils' academic progress,

such as cultural capital.

School accountability in Chile

Traditionally, government practice in Chile has employed school averages as indicators of
effectiveness, although a new accountability system is being developed that takes into account
some of the principles of value-added research (San Martin & Carrasco, 2012, 2013). This new
system is to be implemented by the Agencia de Calidad de la Educacidén (Agency for the Quality
of Education), from 2015 in a pilot stage. This methodology for classification of the schools will
include a series of indicators of school quality, with attainment being the most important
amongst them (Agencia de Calidad de la Educacién, 2014). This quality assurance system will
hold schools accountable based on the achievement of their pupils in Years 2, 4, 6, 8 and 10 in

the SIMCE tests.

In this Quality Assurance System, schools will be classified into four categories: a) high
performance; b) middle performance; c) lower-middle performance; and d) insufficient
performance (Agencia de Calidad de la Educacidn, 2014). Two thirds of this classification will
be dependent upon attainment scores averaged at the school level, which will be adjusted by a
set of pupils' socio-economic and demographic characteristics to make allegedly fairer
comparisons. Even though the specific details of the methodology have not been published yet,
it has been announced that it will involve the implementation of multiple linear regression
(MLR) models to make the necessary adjustments for the socio-economic and demographic

characteristics of the pupils (Agencia de Calidad de la Educacién, 2014). Although this is an
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improvement compared to current practice involving school averages only, the use of MLR
models is indeed a major setback, given the overwhelming evidence in favour of the use of
multilevel models. The advantages of using multilevel models over multiple linear regression
models are discussed in more detail in chapter 3. Furthermore, the consequences of using

biased models to assess school performance are analysed in more depth in chapters 4 and 5.

The issues around the particular methods to be applied are not trivial. This quality assurance
system can be said to have adopted a high stakes testing approach (Au, 2007; San Martin &
Carrasco, 2013), where schools persistently judged to be performing insufficiently could face
closure. It is, therefore, key to ensure a fair system, where schools are held accountable for

what they can actually act upon.

As mentioned before, even though school accountability is highly relevant for many different
reasons pertaining diverse stakeholders external to the schools, its purpose is also arguably
applicable to the schools themselves. Sustained school improvement and/or maintenance of
standards require permanent internal monitoring and assessment of pupils' attainment and
progress. A comprehensive account as such should consider the way in which external and
internal factors affect pupils' academic success, in order to distinguish between factors on
which the schools can and cannot intervene. The next section discusses how structural factors
can shape pupils' educational performance and trajectories, with the ultimate purpose of

defining a framework for the analysis of malleable factors susceptible of school intervention.

2.5.The socio-economic and cultural gradient in pupils' academic progress

The purpose of this section is to discuss how educational inequalities occur, searching for
theoretical and empirical links between socio-economic structural factors and pupils' academic
success. This is done with the ultimate purpose of informing internal school accountability and
contributing to evidence-based school improvement intervention processes. This section
begins by defining several general concepts related to how the education system is built, its
purpose and function in society as a whole, its main characteristics, and its consequences on
individuals; then, more specific concepts are discussed, such as cultural capital and its

relationship with academic performance.

The institutionalised educational system started taking its current form during the early years
of the nineteenth century. The process of industrialisation and the expansion of the cities in
most Western societies are the main causes of the increased demand for institutionalised

education and specialised training (Giddens, 1993).
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Due to the foregoing, the main initial purpose of the education system was to create a mass of
properly trained workers, who would have the capabilities and knowledge to sustain the
massive production of the recently born industries (Durkheim, 1947; Giddens, 1993; lllich,
1973). Naturally, as societies develop, the specific objectives of schooling vary and thus, for
instance, in the early stages of the development of the modern education systems, there was a
strong emphasis on the acquisition of the abilities necessary for manufacturing (Durkheim,
1947; Giddens, 1993). As the necessities of the Industry grew, so did the diversification of the
economies of industrialised countries, producing more differentiation in the education systems
and far more specialisation (Durkheim, 1956; Giddens, 1993). Nowadays, there is a strong
emphasis on the acquisition of ‘soft’ knowledge, that is the ability of learning to learn
(especially at the highest levels of the system), because of the rise of the information society

(See for example: Castells, 1996).

The development of education (or institutionalised education systems) has always had close
links to the ideal of democracy. This is because of the opportunities that education provides to
citizens to develop themselves, their abilities and aptitudes, which will eventually help reduce
inequalities in Society regarding wealth and power (Giddens, 1993). This raises issues such as
social selection and mobility as well as meritocracy, and so forth, which will be addressed in

section 2.5.3.

There are a number of influential authors in the sociology of education literature, for instance,
Bernstein (1975), who theorises about educational inequalities from a linguistic skills point of
view. This author points out that pupils from diverse backgrounds acquire different ‘language
codes’ that condition their academic path and performance. Another relevant and
controversial author is lllich (1973), who introduced the notion of ‘hidden curriculum’, which
refers to those non-stated or implicit objectives of schooling that have to do with discipline

and hierarchy in society.

Another highly relevant and influential author in the Sociology of Education literature is Pierre
Bourdieu (See for example: Bourdieu & Passeron, 1977; Bourdieu, 1988, 1990), whose most
important contribution is an exhaustive description of the educational system from its
foundations to its consequences to the reproduction of the social structures. The following
sections focus mainly on the contributions of Bourdieuvian theory to the study of educational

inequalities and school effectiveness.
2.5.1. The education system and the role of education in Society

As it has been mentioned above, the modern institutionalised education system was created

with the purpose of preparing the young population for the requirements of the nations’
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economic needs. The underlying theoretical assumption here is that the education system
fulfils a necessary function in the wider social system that allows the latter to perpetuate itself
(Bourdieu & Passeron, 1977, 1979; Bowles & Gintis, 1976, 2002; Durkheim, 1947, 1956). In
order to comprehend this function, it is necessary to define and analyse the main components

of the education system.

Following Bourdieu and Passeron’s seminal work (Bourdieu & Passeron, 1977, p. 6), the basic
operation of the education system is the pedagogic action, defined as “(...) objectively,
symbolic violence insofar as it is the imposition of a cultural arbitrary by an arbitrary power”.
In other words, the pedagogical action is the action by which an appropriate agent (a properly
and institutionally trained and accredited individual) instructs or teaches certain socially
approved and valued contents to an audience of learners (usually the youngest members of
society). This action constitutes symbolic violence due to the fact that the power relations of
any given society are the basis of the arbitrary power which underlies the establishment of the
relations in the education system (Bourdieu & Passeron, 1977). In simple terms, the process of
schooling is arbitrary (or symbolically violent), because the curriculum standards that a pupil
needs to comply with are imposed conventionally as a result of the cultural hegemony of a
particular socio-economic group (Bourdieu & Passeron, 1979; Bourdieu, 1988; Bowles & Gintis,

1976, 2002; Durkheim, 1956; Lareau & Weininger, 2003).

Furthermore, the pedagogical action constitutes symbolic violence considering that the
imposed instruction of certain contents or concepts produces and reproduces the arbitrary
selection of a certain social group or class (Bourdieu & Passeron, 1979). This is also the case for
the examination of said contents, which must be perceived as "equitable" (Williams, 2012) to
provide legitimacy to the achievement of the students and the education system in general.
This selection of contents to be taught (curricula, in other words) is arbitrary in the sense that
it does not derive nor can be deduced from any universal principle, set of values, etc.. Instead,
it derives from the culture and set of valuable knowledge and skills defined by the dominant

socio-economic group (Bourdieu & Passeron, 1979; Bourdieu, 1988).

With regard to its degree of arbitrariness, pedagogical action owes its power of imposition to
the level of arbitrariness of the culture imposed (Bourdieu & Passeron, 1977; Bourdieu, 1977a).
In other words, its arbitrariness depends on the power relations between the social groups,
which are the reflection of the system of the cultural arbitraries of the dominant pedagogical
action in any society or habitus, as termed by Bourdieu, i.e. the set of socially acquired
dispositions or schemes of thinking and acting of the dominant social class (Bourdieu &
Wacquant, 1992; Bourdieu, 1977b, 1990). This production and reproduction of the social

structures, which are put in place by the mere functioning of the education system, are the
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essence of educational inequalities that are continuously recorded by educational research in
school effectiveness studies, where the socio-economic background of pupils is found to
influence their performance heavily. A discussion is presented in section 2.5.2 on how these
socio-economic structures are present in educational studies and more specifically how these

are taken into account in statistical models.

Furthermore, the establishment of an institutionalised education system is a recursive process,
because its structural characteristics are the logical consequence of its own essential functions
of instruction (and reproduction) of the cultural arbitrariness that allows it to sustain itself
(Bourdieu & Passeron, 1979). This process is carried out in the most durable (and least
expensive) manner, conforming as closely as possible to the dominant habitus by exercising an
institutionalised pedagogical practice which is performed by a permanent corpus of specialised

agents. These agents are homogenously trained and equipped with "standardised and

standardising instruments" as termed by Bourdieu and Passeron (1979).

While establishing a standard pedagogic action, that is the process of production and
reproduction of an arbitrary habitus, the institutionalised education system also sets the basis
for questioning its own legitimacy. This derives in the necessity of creating the institutionalised
conditions for disregarding the symbolic violence of the arbitrariness implied by its function
(Bourdieu, 1988). Due to the fact that its mere functioning provides the sufficient conditions
for legitimating its existence and persistence, the education system sustains itself through its
apparent autonomy and neutrality, and is granted the monopoly of the legitimate use of
symbolic violence. This symbolic violence inflicted by the education system needs to be
perceived as "fair" and "equitable" to persist (Williams, 2012). This is known as the principle of
dependence through independence (Bourdieu & Passeron, 1977; Bourdieu & Wacquant, 1992;

Bourdieu, 1990). In plain terms, the system depends on its independence.

As mentioned previously, the development of the education system has been tightly related to
the development of the economies of the industrialised countries. This raises issues around
the extent to which the ideals of personal development, democracy, building citizenship have
been achieved (Byrne & Rogers, 2000). Following that line of thought, the modern education
system should be understood not only to be merely related to the needs of the economy, but

also as a response to them (lllich, 1973).

According to lllich (1973), schools have developed to fulfil four basic social functions, namely:
the provision of custodial care for children that derived from the imposition of mandatory
education; the selection, preparation and distribution of people amongst occupational roles;
the learning of dominant values, norms and culture; and the acquisition of the socially
approved and most valued (from a dominant culture’s point of view) skills and knowledge.
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This vision is consistent with Bowles and Gintis (1976) who assert that schools “are destined to
legitimate inequality, limit personal development to forms compatible with submission to
arbitrary authority, and aid in the process whereby youth are resigned to their fate” (p. 266).
Later, when revisiting their previous research (Bowles & Gintis, 2002), these authors also stress
the relevance of the inter-generational transmission of socio-economic status in the process of
schooling, and the relationship between the latter and labour market success. In the next
section, it is appreciated that parents’ income and educational level are two highly relevant
variables that are frequently included in statistical model for assessing educational outcomes
in school effectiveness studies. The next section discusses the role played by socio-economic
structural factors in the process of schooling, focusing on how these external factors affect

pupils' academic attainment and progress.

2.5.2. The influence of the socio-economic background in educational trajectories

As discussed in the previous section, the schooling process cannot be comprehended
separately from the structural processes that a society is permanently producing and
reproducing. In this respect, the notion of cultural capital is crucial. From this viewpoint, school
success is the effect of socio-economic advantages in the education system, as well as in

society itself.

Cultural capital is a highly abstract concept that might be understood as a set of “instruments
for the appropriation of symbolic wealth worthy of being sought and possessed” (Bourdieu,
1977a, p. 488). These instruments, in generic terms, refer to any given competence,
knowledge, skill, ability, way of thinking or acting, etc., that enables the appropriation of the
cultural heritage of a social formation or group by any given subject (Lareau & Weininger, 2003,
2004; Robbins, 2005). This cultural capital might take three forms in the social world, namely:
the embodied form of long-lasting dispositions of the individual, the objectified form of

cultural goods and the institutionalised form of academic qualifications (Bourdieu, 1986).

Following this conceptualisation, the magnitude and value of the cultural capital acquired by a
particular individual depend on the social contexts to which this individual has to cope with.
Therefore, primary socialisation is highly relevant because of its fundamental role in providing
the youngest members of society with the capital they need to perform in school, as well as in
the labour market, and, more generically, the social world (Bourdieu & Wacquant, 1992;

Bourdieu, 1990).

The distribution of the cultural capital in any given society is unequal and unfair (Bourdieu &
Passeron, 1979; Bourdieu, 1988). The accumulation of cultural capital depends on the socio-
economic status of its members, as well as the value of the cultural capital inherited during

41



primary socialization. This, in turn, depends on the distance of the relative social position of
the family background of a pupil to the relative position of the predominant social class or
group (Bourdieu & Passeron, 1977, 1979; Bourdieu, 1977a). This causes the educational
system to create differentiated levels of demands for pupils according to their socio-economic
background (Bourdieu & Passeron, 1979; Bourdieu, 1988). This is because the standards in an
educational system are arbitrarily imposed in the same fashion as curricula, and they are highly
similar for every pupil. In consequence, given that pupils have different levels of appropriation
of the most socially valued knowledge and skills before the initiation of their schooling process,
and that in itinere there is an unequal access to educationally relevant resources, the demands
from the school system to disadvantaged pupils is relatively much higher compared to the

demands for the non-disadvantaged pupils (Bourdieu & Passeron, 1977, 1979; Bourdieu, 1988).

Consequently, pupils belonging to the most economically challenged social groups, with the
lowest levels of the highest valued cultural capital in a society, are those who are compelled to
go through the most demanding and rigorous processes of educational selection throughout
the whole system (Bourdieu & Passeron, 1979). Moreover, this implies that these
"disadvantaged" pupils need to undergo a process of "acculturation" (Bourdieu & Passeron,
1979), that is the acquisition of a large amount of strange cultural capital, which makes them
more likely to fail than to succeed in the school system. In contrast, economically, and hence,
culturally advantaged children are much more likely to succeed than to fail in this selection
process (Bourdieu & Passeron, 1977, 1979). This topic will be further developed in the next

section.

These fairly well-known educational inequalities have been a great concern for practitioners,
policy-makers and researchers during the last few decades. Pupils' academic attainment and
progress has been studied empirically using the concept of cultural capital as the link between
the socio-economic background and academic success. Many studies (See for example: De
Graaf, 1986; Di Maggio & Mohr, 1985; Di Maggio, 1982; Dumais, 2002) have attempted to
analyse the relationship between cultural capital and educational attainment by means of
various operationalisations of cultural capital focused mainly on its "objectified form". Authors
such as Lareau and Weininger (2003) and Kingston (2001) have heavily criticised these studies,
claiming that Bourdieu's concept of cultural capital has been unnecessarily and superfluously
reduced to social status attainment by means of the acquisition of prestigious cultural goods or

resources, and participation or interest in "highbrow" culture.

On another front, the concept of cultural capital itself has been heavily criticised by many
authors. For instance, Edgerton et al. (2012) and Edgerton and Roberts (2014) argue that the

ample variety of ways in which cultural capital (and other Bourdieuvian concepts) has been
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operationalised has arisen because of Bourdieu's imprecise definitions. Nonetheless, these
authors provide an auspicious view on the use of Bourdieu's concepts in educational
effectiveness research, advocating for the analysis of cultural capital, along with other
Bourdieuvian concepts such as habitus, field and practice, as powerful theoretical and
empirical tools. These authors argue that, despite fair criticism, Bourdieu and Bourdieu-
inspired subsequent theorists have set up a conceptual framework for the study of persistent

educational inequalities.

Moreover, Sullivan (2001, 2002) stresses the vagueness of Bourdieu's definition of cultural
capital. This vagueness has induced heterogeneous operationalisations in empirical research to
such degree that evidence is not always consistent across studies. Nevertheless, this author
acknowledges the insight that the concept can provide and its potential usefulness for
explaining, at least partially, the influence of socio-economic structural factors on pupils'
academic success. The author argues that some operationalisations of cultural capital have
successfully proved to be useful for analysing pupils' educational outcomes; cultural
participation, for instance, operationalised in parents' and pupils' reading behaviour, as well as
the number of books at home, were found to be positively associated with better outcomes. In
chapter 6, the variables "number of books in the household", as well as pupils' and parents'
reading frequency are considered as realisations of the latent variable cultural capital, which
will be estimated to explore models that can be useful for schools to modify their policies

towards improvement.

Furthermore, Sullivan (2002) argues that the effect of cultural capital on pupils' performance
may also vary across countries at different times, i.e. cultural capital may be more important in
some countries than others or it may operate in different ways according to context. This last
argument is especially relevant for this research, because it may be claimed that the context of
developing countries may moderate (either upwards or downwards) the effect of cultural
capital on pupils' academic success. In simpler terms, the effect of cultural capital might be
completely different from what is found in developed countries. This is why it may be
worthwhile exploring this when searching for better ways to inform internal school

accountability for school improvement purposes.

2.5.3. The relationship between socio-economic background and selection in the education

system

As a consequence of its role in society, the institutionalised educational system plays a key role
in fostering socio-economic class membership through the provision and certification of
cultural competences, which are arbitrarily assumed to be of greater importance or value

(Bourdieu & Passeron, 1977, 1979; Bourdieu, 1977a). Given the latter, the familiarity with the
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culture of the dominant social class, i.e. the result of the pedagogical action carried out by the
primary social context (family of origin), provides highly important advantages to students in
the education system (Lareau & Weininger, 2003, 2004; Williams, 2012). In other words, the
social, cultural and economic context in which the primary socialisation takes place, strongly

conditions the academic performance of pupils.

“Given that they have had to achieve a successful acculturation in order to meet
the irreducible minimum of academic requirements [...] the working-class and
middle-class students who reach higher education have necessarily undergone
more stringent selection [...]"” (Bourdieu & Passeron, 1977, p. 73).

The arbitrariness (seeming autonomy and neutrality) of the selection of contents to be taught
and the standards to achieve in the school system has substantial consequences on pupils. One
of them is that pupils who proceed from low socio-economic contexts often justify their low
achievement by describing themselves as ‘not clever enough’, tending to disregard their ‘street

knowledge’ (Willis, 1977). This is because of its alleged worthlessness in the economic system.

Likewise, the role of occupational aspirations is highly relevant to academic success (Halpern,
2005; Hernandez-Martinez et al., 2008; Williams et al., 2009). Often children from low socio-
economic backgrounds tend to adjust, justify or resign themselves to their poor academic
performance according to a set of occupational aspirations. These aspirations are socio-
culturally constructed insofar as they are in line with what their parents and the wider social
environment (including schools) have contributed to mould during the process of schooling

(Hernandez-Martinez et al., 2008; Williams et al., 2009).

Furthermore, the effect of the parents' educational level as a proxy for cultural capital has
been explored extensively. Several authors (see for example: Feinstein et al., 2004; Lareau &
Weininger, 2003; Murillo & Roman, 2011) have reported a positive association between
parental qualifications and occupation and their children's academic performance. The
underlying cause for this relationship is that parents with a higher educational level are
arguably better equipped to attend to the pupils' needs, assist and guide them, get involved in
the school environment and instil them to achieve higher, and eventually pursue higher
education (Edgerton et al.,, 2012; Edgerton & Roberts, 2014; Kleanthous & Williams, 2013;
Lareau & Weininger, 2003). This argument is key in this research; in chapter 6, the variable
parents' qualifications is added as one of the manifest variables to estimate the measure of

cultural capital, which is used to create a model for informing internal school accountability.

To sum up, students who proceed from the most advantageous socio-economic contexts have
a ‘head start’ simply by being immersed since birth into the predominant culture. Furthermore,

they have even greater advantages when one takes into account the purchasing power and
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access to meaningful resources to succeed in the education system. In contrast, those students
proceeding from low socio-economic backgrounds are obliged to undertake a more
demanding educational path, due to the fact that they need to interiorise a symbolic system
(contents, curricula, standards to achieve) that they are unfamiliar with. Regretfully, they have
to undergo this process with a much more restricted access to educationally-relevant

resources than their more socio-economically advantaged counterparts.

2.6.The Chilean education system

The Chilean education system is regulated by the General Act of Education N220370 of 2009*,
which is the product of a series of reforms, starting in the 1980's during Pinochet's Dictatorship
(1973-1990). The current form of the education system is to be maintained until 2017, when
significant reforms are to be implemented, including the modification of the structure of
grades for primary and secondary education and the regulation of selectivity, as well as the
reform to the shared funding scheme in publicly funded schools. Currently, education in Chile
is compulsory from the age of six until the age of 18. The total of 12 years of compulsory
education is divided into primary and secondary education. Primary school is comprised of

eight grades, which are classified in six ‘Basic Levels’ as seen in Table 2.1.

Table 2.1: Structure of the primary education in Chile

Basic Level 1 Years 1 and 2
Basic Level 2 Years3and 4

Basic Level 3 Year 5
Basic Level 4 Year 6
Basic Level 5 Year 7
Basic Level 6 Year 8

On the other hand, secondary education is comprised of four grades and is subdivided in two
types of curricula, namely, ‘ScientificcHumanist’ secondary education and ‘Technical-
Professional’ secondary education. In the ‘scientificchumanist’ path, pupils are taught a
curriculum with subjects that prepare them in a wide range of general skills and knowledge,
which are considered as the basics for Higher Education. Pupils usually make their choice
among a ‘science path’ to undertake studies in subjects such as Mathematics, Physics,
Chemistry and Biology; or a ‘humanities path’ to undertake studies in Literature, History and
Philosophy. With respect to the ‘Technical-Professional’ path, pupils undergo a similar
curriculum to that of ‘Scientific-Humanist’ education during the first two years, and in the last

two years, they receive vocational training of their choice from a wide range of working skills,

* General Act of Education (Ley General de Educacién), Act N220370, 2009 (Chile). This Act rescinded the
predecessor Act N218962 of 1990. http://www.bcn.cl
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such as mechanics, electricity, accountancy, gastronomy, nursery, and so forth. This can be

appreciated in Table 2.2.

Table 2.2: Structure of the secondary education in Chile

Paths First cycle (Years 9 and 10) Second cycle (Years 11 and 12)
Scientific-Humanist Common curriculum in generic | Choice of subjects in Science or
skills and knowledge Humanities

Technical-Professional Choice of Vocational training

Regarding the administrative aspects, all schools (secondary and primary) in the Chilean
education system can be divided into three major institutional types, which are described

below.

a) State-funded schools

These schools are fully funded by the State through a system of subsidies or vouchers, which
are paid by the State as if they were tuition fees. These subsidies are fixed for every pupil and
are subject to pupils’ attendance to the school, which implies that the funds received by
schools under this administrative regime vary. Preferential subsidies have been implemented
in the last decade (150% of the regular subsidy per pupil) to those pupils who are in a more
vulnerable socio-economic situation, or are in risk of becoming school-leavers. These
institutions are usually managed by the City Council, or are delegated to a Municipal or Local
Board of Governors. These schools follow the National Curriculum in full; they are

comprehensive and fully supervised by the Ministry of Education.

b) Subsidised independent schools

These schools are partly funded by the State and private parties, and in some cases, parents
contribute to the funding by the payment of fees. The funds delivered by the State to these
institutions follow the same scheme of state-funded schools, i.e. there are fixed vouchers per
pupil and preferential vouchers for vulnerable pupils. This type of schools may also be divided
into two categories: a) fee-paying, and b) non-fee-paying. Regarding their administration,
these schools may be managed by private parties, such as religious institutions, Corporations,
Societies, entrepreneurs, etc. These schools need to follow the National Curriculum, which is
usually considered as the minimum standard. They are usually selective (although there are no

precise data on this matter) and they are supervised by the Ministry of Education.
c) Independent schools

These schools are funded by private parties and the contribution of parents through fees and
donations. Fully independent schools are administered by private parties, do not receive funds
from the State, and are only subject to partial supervision from the Ministry of Education. This

category also includes those schools with a delegated administrative regime, which
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corresponds to schools managed by private parties and partially by the State via public
contracts. Furthermore, Independent schools are not obliged to follow the National Curriculum

and are highly selective.

Table 2.3: Pupils enrolled in Chilean primary schools from 2004 to 2013, sorted by school type.

School type State-funded Subsidised Independent Total
Year N % N % N % N
2004 1,181,833  52.39% 911,758 40.41% 162,399 7.20% 2,255,990
2005 1,139,100 51.47% 933,468 42.18% 140,642 6.35% 2,213,210
2006 1,081,699  49.80% 952,265 43.84% 137,950 6.35% 2,171,914
2007 1,028,517  48.28% 961,789 45.15% 139,937 6.57% 2,130,243
2008 976,968 46.60% 978,266 46.66% 141,238 6.74% 2,096,472
2009 935,045 45.05% 998,014 48.08% 142,523 6.87% 2,075,582
2010 881,658 43.42% 1,005,486  49.52% 143,214 7.05% 2,030,358
2011 843,378 42.40% 1,002,612 50.40% 143,165 7.20% 1,989,155
2012 810,170 41.29% 1,010,239 51.48% 141,845 7.23% 1,962,254
2013 785,042 40.37% 1,013,514 52.12% 146,083 7.51% 1,944,639

Source: Chilean Ministry of Education, Centro de Estudios MINEDUC (2014)

In Table 2.3, it is appreciated that the ample majority of Chilean pupils in primary education
attend either state-funded schools or subsidised independent schools. More interestingly, in
this period of 10 years, it is appreciated that State-funded schools have been steadily
decreasing in the number of student they serve; meanwhile subsidised independent schools
have been steadily increasing. In the whole period, a shift is observed from the majority of
pupils attending State-funded primary schools in 2004 (52.39%), towards the majority of pupils
attending subsidised independent schools in 2013 (52.12%). On the other hand, the relative
participation of independent schools in the system has remained stable throughout the 10-
year period. In Table 2.4, a similar trend is observed regarding secondary school education in

Chile.

Table 2.4: Pupils enrolled in Chilean secondary schools from 2004 to 2013, sorted by school type.

School type State-funded Subsidised Independent Total
Year N % N % N % N
2004 450,477 45.67% 404,369 41.00% 131,456  13.33% 986,302
2005 461,706  45.01% 432,782  42.19% 131,222  12.79% 1,025,710
2006 453,352  43.62% 456,269 43.90% 129,816  12.49% 1,039,437
2007 440,051 42.73% 460,153 44.68% 129,686 12.59% 1,029,890
2008 422,070 41.56% 464,516  45.74% 128,872  12.69% 1,015,458
2009 410,916 40.85% 467,704  46.50% 127,195 12.65% 1,005,815
2010 392,421 39.57% 471,979 47.59% 127,316  12.84% 991,716
2011 376,632 38.43% 476,189  4859% 127,166  12.98% 979,987
2012 345,630 36.81% 471,255 50.19% 122,051 13.00% 938,936
2013 335,769 36.30% 467,375 50.53% 121,761 13.16% 924,905

Source: Chilean Ministry of Education, Centro de Estudios MINEDUC (2014)
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Table 2.4 displays the relative participation of the three school types in the secondary
education system throughout the period 2004-2013. As is the case of primary school education,
it is noted that in secondary school education, during the last 10 years, the total number of
pupils in State-funded schools has been steadily decreasing. Meanwhile, the number of
students attending subsidised independent schools has been steadily growing from a 41% in
2004 to just above half (50.53%) the pupils in 2013. As noted also in Table 2.3, the total
number of students attending independent secondary schools has remained stable in this 10-

year period.

Paredes and Pinto (2009) argue that this downward tendency for the number of pupils
enrolled in State-funded schools may be reflecting upon the Chilean economic growth. They
argue that higher income conveyed an increase in the demand for subsidised independent
schools with a shared funding scheme, where parents could contribute economically towards a
better quality of education. A less restrictive administrative regime might have also helped

subsidised independent schools thrive in the last decade.

The socio-economic gradient in the Chilean education system has been analysed more
extensively by educational researchers in Chile from the beginning of the 2000's. Until 1997,
the Chilean Ministry of Education had no records of attainment at the pupil level and hence
early studies of educational effectiveness used only aggregated school data (Mizala & Torche,
2012). A further obstacle, as pointed out earlier (section 2.3.5), is that pupils only sat the
SIMCE tests once throughout their whole educational trajectory until 2006. Until then, pupils
used to sit the SIMCE tests either in Year 4, Year 8 or Year 10. Nonetheless, Chilean-based
research has, one way or another, found evidence of deep educational inequalities due to the

socio-economic background.

Valenzuela et al. (2008) investigated the segregation of the Chilean school system more deeply
using the dissimilarity index (Duncan & Duncan, 1955). The degree of dissimilarity was
measured by comparing the proportion of disadvantaged pupils with the proportion of non-
disadvantaged pupils within schools. Disadvantage or vulnerability is measured by household
income and parents' educational level. The authors found that State-funded schools are far
less segregated than subsidised independent schools, which in turn are also far less segregated
than independent schools; moreover, subsidised independent schools with a shared funding
scheme are more segregated than non-fee paying subsidised independent schools.
Furthermore, the authors found that the socio-economic segregation of the schools
significantly varies across areas, depending on the proportion of people living in poverty. The

authors concluded that the segregation of the Chilean education system as a whole is
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extremely high and this has been steadily increasing in the period between the years 1998-
2006, mainly because of the existence and growth of subsidised independent schools and
especially those with a shared funding scheme, which are the ones that can more easily shape

pupil intake via the imposition of fees.

Given the high level of socio-economic segregation of the school system, differences in pupils'
achievement according to school type are expected to be large. Using school aggregated data,
McEwan and Carnoy (2000) found that subsidised independent schools did not perform better
than State-funded schools on average when resources were at similar levels. McEwan (2001)
further investigated the differences between State-funded schools, subsidised independent
schools with Catholic religious denomination, subsidised independent school with no religious
denomination, and independent schools. The author found evidence that independent
schools, and religious schools to a lesser extent, outperformed State-funded schools; while
non-religious subsidised independent schools were found to be somewhat less effective. The
author controlled for explicit selectivity by specifying controls for pupils' socio-economic
factors and prior attainment and unobservable selectivity, using Heckman's (1979) bias
correction. Thus, it was found that, when controlling for selectivity, the effect sizes are smaller
for all schools and the differences are less pronounced. Tokman (2002) takes a step further in
arguing that, after controlling for non-random selectivity, State-funded schools are not
uniformly less or more effective than subsidised independent schools, but rather they are

more effective for pupils from deprived socio-economic backgrounds.

Mizala and Romaguera (2000, 2001) provide further evidence of the large differences in the
relative effectiveness of schools according to their institutional type. They also point out a
sizable relationship between socio-economic status and school type, which denotes a
noticeable segregation of the school system. These authors also highlight that subsidised
independent schools are, in terms of effectiveness, closer to State-funded schools than to
independent schools, because analyses show that, after controlling for socio-economic
background, these two school types do not significantly differ. Furthermore, the gap between
independent schools and the other school types is still significant after controlling for socio-

economic background; however, it is greatly reduced.

The interest in studying the differences in the educational outcomes achieved by the diverse
school types has its origins in the profound impact of the educational reforms carried out
during the Pinochet's Dictatorship (1973-1990) from 1981 onwards. The foundations of the
current education system were built during this period and the creation of subsidised
independent schools was the most relevant reform. Torche (2005) analysed the impact of the

reforms on the educational transitions from primary school all the way through tertiary
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education, in seven birth cohorts from 1936 to 1976. Comparisons of the outcomes of the
younger cohorts and the older cohorts indicate that the reforms had a noteworthy impact on
educational transitions. Evidence of growing inequalities was found, where individuals from
the younger birth cohorts who attended independent schools had distanced themselves (had
greater chances of achieving further levels of education) even further from individuals who
had attended State-funded schools than individuals from the older birth cohorts who attended
independent schools. It was also found that individuals who had attended subsidised
independent schools had greater chances of graduating from secondary school than their
peers in State-funded schools. In sum, the emergence of subsidised independent schools

during the 1980's reforms had a catalysing effect on educational inequalities.

More recently, Mizala and Torche (2012) analysed the socio-economic distribution of
achievement within and between schools in Chile using data from the SIMCE database (2002-
2004). Examining pupils' attainment in Mathematics and Spanish Language, the authors found
that subsidised independent schools have a larger between-school variance than State-funded
schools, suggesting that while they serve a more heterogeneous student body, subsidised
independent schools in particular serve specific homogenous socio-economic groups. The
authors claimed that flexible regulations have allowed subsidised independent schools to
shape their student bodies and teaching staff to specialise in particular market niches. They
particularly highlighted the shared funding scheme (fees paid by parents and carers) in
subsidised independent schools, as the main driver of school socio-economic sorting. The
impact of this school sorting phenomenon was found to be more severe in subsidised
independent schools than in State-funded schools. Even though pupils in either State-funded
schools or subsidised independent schools were substantially affected by socio-economic
status, either that of their families' or their schools', it is the pupils in the latter type of schools
the ones whose attainment was more strongly affected by the socio-economic context of the

school.

In conclusion, socio-economic segregation in the Chilean education system is closely
associated with the characteristics of its institutional design. The mixture of partially and fully
publicly-funded as well as fully privately-funded schools has deeply contributed to the
persistence (and even growth) of inequality in educational outcomes. Although, individual (or
more precisely, family) level socio-economic status continues to be a relevant source of
variation in pupils' academic achievement, the effect of the school socio-economic context is
even greater. Its effects are by all means considered in this research and examined thoroughly

in the construction of the contextualised value-added models for internal and external school
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accountability. In the next section, a summary of the key concepts discussed in this review is

presented.

2.7.

Summary of key concepts

Throughout this literature review, a number of key concepts have been described and some of

their interrelationships have been discussed. The purpose now is to summarise these topics

and concepts as they will be used for the remainder of this thesis. Table 2.5 presents a

summary of the key concepts.

Table 2.5: Summary of key concept used throughout this thesis.

Concept

Description

School value-
added

This is an indication of the extent to which a particular school has contributed to the
progress of its pupils, beyond what is expected of them, considering their initial
achievement and their socio-economic background.

School
effectiveness

This concept can be used interchangeably with the concept of school value-added, as
it indicates how effective a particular school has been in fostering the progress of its

pupils.

Pupils’
attainment

This is a raw measure of the level of pupils’ achievement at a particular academic
subject with respect to certain objective criteria, which are usually standard goals set
in the National Curriculum.

Pupils’
progress

In its simplest form, pupils' progress can be defined as the difference between prior
and subsequent attainment. However, from a value-added perspective, this is
incomplete. In this thesis, progress is a measure that compares pupils’ prior
attainment in a particular subject with pupils’ subsequent attainment in the same
subject, also considering the pupils’ socio-economic background. Hence, pupils’
progress would constitute the difference between what is expected of a pupil and
what a pupil achieves, conditional upon their prior attainment and their socio-
economic background.

CVA model

A contextualised value-added model is a statistical model that attempts to isolate the
“true” schools’ contribution to the progress of their pupils, considering their prior
attainment and socio-economic background. This statistical model is most often a
multilevel model, where the total variance in a particular subject is split between (at
least) pupils and schools, and their socio-economic characteristics are used as
explanatory variables to “contextualise” the information.

School
accountability

This is the system by which schools are held responsible for their performance, i.e. the
progress of their pupils. Depending on the recipients of the information, school
accountability can be understood as: a) external, when the information is to be used
by external stakeholders, such as government officials, for policy-making purposes;
and b) internal, when the information is to be used by school authorities for improving
their own practices.

School
accountability
measures

These are the indicators used to judge the performance of schools, i.e. the
contribution they have made to their pupils’ progress. These measures are also known
as CVA scores or CVA estimates. These indicators correspond to the residual point
estimates at the level of schools that are derived from the multilevel models used to
analyse pupils’ progress. More details of this are provided in chapter 3.

Cultural
capital

This abstract concept refers to the set of knowledge, skills, abilities, etc. that allows
the bearer to seek and possess the most valued cultural heritage of a Society, i.e. the
cultural assets and knowledge that are most prevalent in the highest socio-economic
classes. Cultural capital is theorised to take three basic forms in the social world: a) the
objectified form of cultural goods; b) the institutionalised form of academic
certifications; and c) the embodied form of long-lasting dispositions.
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In the final section of this chapter, the research questions are unfolded and briefly discussed in

light of the literature review.

2.8. Research Questions

This research will seek to answer the following questions:

1. What are the effects of classrooms, local authorities and primary schools on
Mathematics and Spanish Language progress in Chile, beyond pupils' socio-economic

and demographic characteristics and secondary school-level effects?

This first question seeks to ascertain whether there exist additional sources of variation that go
beyond what has been traditionally analysed in school effectiveness research. As mentioned
earlier, school value-added models have traditionally assessed the variation in standardised
test scores arising from only two sources: the schools and the pupils. However, there is
evidence from previous research that statistical assumptions underlying such models are
untenable and they obscure substantially relevant relationships. This research question is

addressed more deeply in chapter 4.

2. How are pupils' progress and school value-added in Mathematics related to pupils'

progress and school value-added in Spanish Language in Chile?

Further to the first research question, school effectiveness has also been traditionally analysed
in diverse subjects that have been treated in a dissociated way. As mentioned previously in this
chapter, this is in spite of evidence supporting the idea of school effectiveness being a
multidimensional phenomenon, insofar as neither pupils learn subjects completely separated
from each other, nor do schools teach subjects in such a way. Neither in the learning nor in the
teaching process do the connections between subjects need to be explicit or intentional. This
is equivalent to assert that pupils who perform well in one subject can be expected (within a
reasonable margin of error) to perform well in other subjects, after controlling for other
relevant factors. Meanwhile, schools are reasonably expected to teach all subjects within the
same standards; this implies that schools doing well in one subject would also be expected to

be doing well in other subjects. Chapter 5 focuses on addressing this research question.

3. What relevant (non-negligible) differences can be found between school accountability

measures derived from diverse statistical models?

The third research question derives logically from the previous two questions. Given that
traditional models are allegedly inferior and that further adjustments are necessary for a more

reliable estimation of school effects, it is worth investigating the usefulness of such extended
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(and more complex) models. School effectiveness models are recurrently used to inform the
public about school performance for the main purposes of accountability and school choice via
the construction of performance rankings. This research question aims to ascertain whether
substantively relevant information can be extracted from the extension of the traditional
models and whether this information is sufficiently different from what can be derived from

simpler models. This research question is tackled throughout chapters 4 and 5.

4. How does cultural capital along with socio-economic and demographic characteristics

of the pupils and the schools affect pupils' progress and school effectiveness in Chile?

This final research question is devoted to delve into the analysis of pupils' heterogeneity in
Spanish Language and Mathematics attainment for the purpose of internal school
accountability. In previous analyses, the focus was set on the between-school variability,
controlling for all relevant external factors, including schools' context, geographical location,
within-school variability, previously attended schools, etc, with the purpose of effectively
isolating school value-added to inform external school accountability. After having controlled
for those factors, the major source of variation in academic progress lies in the pupils'
characteristics and abilities which previous models have not accounted for. Some of those
unaccounted pupils' characteristics are deemed to be malleable while others are not. The
theoretically relevant element of this analysis is that cultural capital is a malleable factor that
could boost children's performance and whose influence can be controlled at various levels,
i.e. via school policy, local authority initiatives, central government public policy-making,
private initiatives, as well as parental courses of action. This is the main focus of chapter 6 of
this thesis.

In the next chapter, the data used in this thesis are described and the methods to analyse
them are outlined.
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Chapter 3: Data and Methods for analysing school-value added

3.1. Introduction

The main aim of this chapter is to describe the methods by which the research questions will
be addressed and the data that will be analysed to address these questions in subsequent
chapters. This chapter starts off with describing the data used in this research, focusing on the
main variables that were selected to implement the statistical models of chapters 4, 5 and 6.
Afterwards, the methods will be presented, beginning with the most basic statistical models
that can be used to analyse pupils' performance in standardised tests, i.e. multiple linear
regression, and discuss its pitfalls, which serves as an introduction to discuss the statistical
superiority of multilevel modelling. Then, the chapter moves on towards describing the
multilevel modelling framework, its basic principles and characteristics, as well as how
different specifications can help explore diverse research questions, and more specifically, the
way in which the models fitted in this research are built. The equations corresponding to each
diverse specification are presented and discussed. It will be shown how the most basic
multilevel models can be extended to cater for the needs of analysing intrinsically complex

phenomena such as school value-added and pupils' progress.

By the end of this chapter, the analytical strategy unfolds the way in which the selected
variables are to be used to build the models; describing the steps to be taken in detail. Finally,

some ethical considerations are briefly discussed.

3.2. Data

The data have been provided by the Chilean Ministry of Education. The SIMCE tests assess the
achievement of core areas of the National Curriculum and are taken every year by Year 4

pupils and Year 8 pupils or Year 10 pupils.

This thesis draws on analysis of the cohort of pupils who sat the tests in 2006 when they were
in Year 10 or 2nd year of Secondary School and also sat the tests previously in 2004. About 84%
of the pupils who sat the test in 2006 were traced back to 2004. The expected matched cases
rate is approximately 85%, because the drop-out rates are 5% and the retention rates are 10%

(Centro de Estudios MINEDUC, 2014).
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3.2.1. The SIMCE database

SIMCE’ is a series of standardised tests created during the decade of the 1980’s with the
purpose of measuring the level of pupils’ achievement of the goals defined in the National
Curriculum. The tests evaluate the level of achievement of the Fundamental Objectives and
the Minimum Compulsory Contents® defined for every subject in the National Curriculum. The

current format of the SIMCE tests was consolidated in the year 1998’.

The main subjects evaluated in these tests are ‘Mathematics’ and ‘Spanish Language and
Communication’, which have been measured throughout the entire history of the testing
system. Other subjects evaluated in the SIMCE tests have included: ‘Social and Natural
Sciences’, ‘English Language’, ‘Physical Education’ and ‘Information and Communication

Technologies Proficiency’®.

SIMCE test are taken every year, since 2006, by all students in the 4™ grade and all students
either in the 8" grade or in the 10" grade. Given this staggered pattern in the application of
the tests, only recently, pupils started to sit the test more than once. The particular cohort to
be analysed in this research is comprised of those pupils who sat the SIMCE tests in 2006 when
they were in the 10" grade (or 2™ year of secondary school) and had previously sat the SIMCE
tests in 2004, when they were in the gt grade (last year of primary school). This is the only
cohort moving from the last year of primary school to secondary school for which data are
currently available. Using data from this cohort is particularly relevant for this research, since
these pupils have fully undergone primary school, and hence its carry-over effects towards

attainment in secondary school can be estimated.
3.2.2. Construction of the data sets used for the analyses

The cohort subject to analysis in this research is comprised of all Year 10 pupils who sat the
SIMCE test in 2006. Most pupils from this cohort have also sat the SIMCE test in 2004, when
they were in Year 8. In table 3.1, the case processing summary is reported for both occasions.
It is observed that the ample majority of cases were uniquely identified with their anonymous
identity number. The reasons for duplication or missing identifiers that the Chilean Ministry of
Education have reported are related to illegible handwriting, mistakenly recorded

identification numbers and blanks.

> SIMCE stands for “Sistema de Medicién de la Calidad de la Educacién”. This can be translated as: Measurement
System for the Quality of Education.
® Source: http://www.simce.cl
7 .
Ibid.
® Ibid.
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Table 3.1: Case processing summary for Cohort 2004-2006

Occasion year 2004 2006

Total number of cases 279,437 243,337
Number of valid casest 277,679 242,306
Percentage of valid casest 99.22% 99.06%

* A valid case is one whose anonymous identifier is not duplicated or
missing within a particular occasion.
T With respect to the total number of cases within a particular occasion.

It is also appreciated that the total number of cases, as well as the total number of valid cases,
are lower in the second occasion of the test. There are a number of reasons for these
differences. Year repetition of pupils is one of the most frequent: pupils who sat the tests in
2004 and were held back during 2004 and 2005 would not sit the SIMCE tests in 2006; this
number is unknown since there are no records for them in 2006. Conversely, some pupils who
sat the tests in 2006 and were held back before, were prevented from sitting the SIMCE tests
in 2004, depending on the exact year in which they were held back and the number of times
this occurred. This number is unknown since there are no records for them in 2004. Other
reasons for the difference in the total number of cases in both occasions have to do with
school dropout; there is expected to be an important dropout rate when pupils move from
primary to secondary school. Furthermore, other pupils simply might have not attended school
on the day of the tests. This could also be the case of schools attempting to "game the system"
by making low-attaining pupils refrain from attending to gain undue advantage. This is a very
plausible occurrence; however, it is undocumented, and hence, beyond the control of the

statistical models.

According to the Chilean Ministry of Education (Ministry of Education - Chile, 2015), in 2010,
the overall year repetition rate in primary schools was 4.3%, while in secondary schools, the
rate was 8.1%. Likewise, the average dropout rate in primary schools was 5.5% whereas in
secondary schools the rate was 10.7%. These rates are useful to understand attrition in the
SIMCE tests; however, there are no precise records of the reasons for not sitting the SIMCE
tests in the data sets. Unit non-response could eventually be a source of bias in the results;
however, there are grounds to consider this issue as not overly problematic for the purpose of
this thesis, because expected dropout (from school) and year repetition rates are consistent
with the number of unmatched cases. The analysis of the causes of school dropout and/or year
repetition are beyond the scope of this thesis. Issues around missing data are discussed in

more detail in later sections 3.7.3, 8.5, and appendix 4.

In total, 202,605 pupils (approximately 84% of the total number of valid cases in 2006; see:
Table 3.1) who sat the SIMCE tests in 2006 can be traced back to 2004. The percentage of
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matched cases has been calculated with respect to the overall number of valid cases in 2006,
because this is considered to be more informative to the statistical model that intends to

predict the scores in the second occasion of the tests.

3.2.3. Variables used to implement the CVA models

The variables to be used in the implementation of these CVA models can be classified in four
categories, namely: a) attainment (outcome) variables, which are presented in Table 3.1; b)
explanatory variables at the pupil and school level, which are presented in Table 3.2; c)
variables associated to cultural capital, which are presented in Table 3.3; and finally d) level

identifiers, which are presented in Table 3.4.

The choice of explanatory variables at the pupil and school level is rooted in the literature,
following the principle of controlling for relevant variables which schools cannot modify freely
in order to isolate as much as possible the "true" school effects. Prior achievement in
Mathematics and/or Language is a prerequisite for fitting any value-added model insofar as it
allows estimating the progress that pupils have made in those two subjects. With respect to
the pupil-level variables, gender and family income escape the schools' control and they have
been found to impact on pupils' performance largely. Pupils' year retention is a variable over
which schools have partial control, since some schools can choose not to admit such pupils,
and therefore, it may be a useful way to control, at least partially, for implicit school selectivity
practices in the same way that prior achievement does (San Martin & Carrasco, 2013). This is
debatable and other variables should be included, such as the number of students who have
applied to a certain school and have been rejected or the number of students who have sat
selectivity tests; however, there are no reliable measures of explicit school selectivity practices

in the SIMCE database.

With respect to school-level variables, the socio-economic composition is a relevant influential
factor identified in previous research; therefore, School SES was included in the models. In
addition, school type, as Timmermans et al. (2011) point out, is a non-malleable school
characteristic that may be considered in type X value-added models. This is also a debatable
choice; however, the stance assumed in this research is that schools cannot freely switch into a
different institutional type, and hence, a fair comparison should control for this, even at the
expense of partially obscuring effects truly proceeding from diverse school practices associated

with this.

As described in chapter 2 (section 2.6), Chilean schools are classified in 3 main types: a) State-
funded schools; b) subsidised independent schools; and c) independent schools. Over the

years, the coexistence of these three school types has produced a high level of segregation on
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the Chilean education system (Mizala & Torche, 2012; Torche, 2005), which is why it is relevant

to ascertain the diverse effects that these schools have on pupils' performance. More details

of the variables used in this thesis are given in Tables 3.2, 3.3, 3.4, 3.5 and 3.6.

Table 3.2: Attainment variables used to implement the CVA models

Variable Type of Description
variable
Attainmentin  Outcome Mathematics test scores obtained by Year 10 pupils in 2006.

Mathematics

(Continuous
standardised)

Standardised scores range from -2.54 to 2.61. Original scores are
estimated by the Ministry of Education using a three parameter
logistic Item-Response Theory (3PL-IRT) model; scores range
approximately from 100 to 400, with a mean of 250 and a
standard deviation of 50.

Attainment in
Spanish
Language

Outcome
(Continuous
standardised)

Spanish Language test scores obtained by Year 10 pupils in 2006.
Standardised scores range from -2.67 to 3.78. Original scores are
estimated by the Ministry of Education using a three parameter
logistic Item-Response Theory (3PL-IRT) model; scores range
approximately from 100 to 400, with a mean of 250 and a
standard deviation of 50.

Prior
attainment in
Mathematics

Explanatory
(Continuous
standardised)

Mathematics test scores obtained by Year 8 pupils in 2004.
Standardised scores range from -2.96 to 2.93. Original scores are
estimated by the Ministry of Education using a three parameter
logistic Item-Response Theory (3PL-IRT) model; scores range
approximately from 100 to 400, with a mean 250 and a standard
deviation of 50.

Prior
attainment in
Spanish
Language

Explanatory
(Continuous
standardised)

Spanish Language test scores obtained by Year 8 pupils in 2004.
Standardised scores range from -3.36 to 2.62. Original scores are
estimated by the Ministry of Education using a three parameter
logistic Item-Response Theory (3PL-IRT) model; scores range
approximately from 100 to 400, with a mean 250 and a standard
deviation of 50.

Table 3.3:

Explanatory variables at the pupil level used to implement the CVA models

Pupil-level
Variables

Description and categories

Frequency (%)

Gender
(categorical)

Gender of pupils:
Female (0)
Male (1)
Missing (.)

103,496 (51.08%)
95,916 (47.34%)
3,193 (1.58%)

Socio-economic
level indicated
by household
income
(categorical)

Average monthly household income in Chilean pesos
(CLP) as reported by parentst:

Low income (200,000 CLP or less) — reference category

Lower-middle income (200,001 CLP - 500,000 CLP)

Upper-middle income (500,001 CLP - 1,000,000 CLP)

High income (more than 1,000,001 CLP)

Missing (.)

99,939 (49.33%)
54,086 (26.70%)
18,147 (8.96%)
13,908 (6.86%)
16,525 (8.16%)

Year repetition
(categorical)

It indicates whether the pupil has been made to repeat
any year in primary school:

Not repeated (0)

Repeated (1)

Missing (.)

171,014 (84.41%)
18,956 (9.36%)
12,635 (6.24%)

T The parents’ data were gathered by schools and sent as part of the required data for government auditing
purposes. This thesis links the student, school and parental data.
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Table 3.4: Explanatory variables at the secondary school level used to implement the CVA models

School-level Description and categories Pupil Frequency School
Variables (%) Frequency (%)
School State-funded schools (1) — reference category 83,127 (41.03%) 673 (27.55%)
institutional  Subsidised independent schools (2) 103,819 (51.24%) 1,393 (57.02%)
type Independent schools (3) 15,659 (7.73%) 377 (15.43%)

(categorical) Missing (.) 0 0

School SES
(categorical)

School Socio-economic status according to
the classification of the Chilean Ministry of
Education:

Low School SES (1) — reference category
Lower-middle SES (2)

Middle SES (3)

36,035 (17.79%)
79,459 (39.22%)
50,505 (24.93%)
Upper-middle SES (4) 21,942 (10.83%) 383 (15.68%)
High SES (5) 14,664 (7.24%) 332 (13.59%)
Missing (.) 0 0

479 (19.61%)
665 (27.22%)
584 (23.91%)

Table 3.5: Pupil-level variables used to implement the measurement model for the latent construct of

cultural capital

Variablet

Description

Frequency (%)

Parents'
qualifications
(categorical)

Highest level of education achieved by either the
mother of the father of the pupil:

Primary school or less (1) - reference category

Secondary education (2)

Vocational education (3)

University degree or postgraduate (4)

Missing (.)

36,263 (17.90%)
92,570 (45.69%)
26,548 (13.10%)
37,164 (18.34%)
10,060 (4.97%)

Number of books in

the household
(categorical)

Estimated number of books in the household as
reported by parentst:

No books - reference category (1)

Between 1 and 10 (2)

Between 11 and 50 (3)

Between 51 and 100 (4)

More than 100 (5)

Missing (.)

2,391 (1.18%)
41,379 (20.42%)
82,016 (40.48%)
37,094 (18.31%)
38,851 (17.70%)
3,874 (1.91%)

Pupils'
frequency
(categorical)

reading

Frequency with which pupils use reading materials
as reported by parentst:

Pupil has no books - reference category (1)

Never (2)

Rarely (3)

Sometimes (4)

Always (5)

Missing (.)

19,330 (9.54%)
11,663 (5.76%)
61,301 (30.26%)
40,679 (20.08%)
18,796 (9.28%)
50,836 (25.09%)

Parents'
frequency
(categorical)

reading

Frequency with which parents read for pleasure as
reported by parentst:

Never - Reference category (1)

Sometimes every month (2)

Sometimes every week (3)

Daily (4)

Missing (.)

14,548 (7.18%)

42,709 (21.08%)
64,497 (31.83%)
38,210 (18.86%)
42,641 (21.05%)

T These variables correspond to the parents’ data that were gathered by schools and sent as part of the

required data for government auditing purposes.
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Table 3.6: Level identifier codes used to implement the CVA models

Level Description
identifiers
Pupil-level Numerical code from 1 to N, based on the anonymous identifiers provided by the

Chilean Ministry of Education, which allows linking pupils' data longitudinally.
Number of pupils: 202,605.

Classroom Numerical code provided by the Ministry of Education, identifying classrooms within
schools cross-sectionally. This identifier does not allow to link classrooms
longitudinally. Number of classrooms (within secondary schools): 7,487.

School Numerical code from 1 to N, based on the publicly available school identifiers used
by the Chilean Ministry of Education, which allows linking schools' data
longitudinally, regardless of the educational level imparted. Primary and secondary
schools are pooled to produce this code. Number of secondary schools: 2,443.
Number of primary schools: 5,537.

Local Numerical code from 1 to N, based on the alphabetically ordered list of Local
Authority Authorities where schools are located. Number of local authorities: 320.

In the previous tables, missing data have been reported in many variables to varying degrees.
The issues around handling missing data are discussed later in sections 3.7.3, 8.5, and appendix

4.

3.3. Measuring school effectiveness from a regression-based approach

Measuring school effectiveness traditionally involves analysing scores in standardised tests,
controlling for a number of theorised influential covariates, such as demographic variables,
socio-economic background, school characteristics, etc. Normally, one could approach this
problem by using Multiple Regression Models in a standard and rather 'naive' fashion, which is
analysing the level of linear association of this set of influential covariates with a relevant
educational outcome, such as the scores in a standardised test of Mathematics or Language.
Thus, one could have a number of coefficients for each variable defined to be significantly
influential on the outcome, which would allow explaining a proportion of the recorded total
variance, analysing the relative importance of each variable and making predictions based on

the estimated equation.

The model in which a set of ‘x’ explanatory variables are used to explain a ‘y’ outcome variable
is called the Multiple Linear Regression Model (MLR) (for more details, see for example:

Dobson 2002). This model has the following underlying assumptions (Snijders & Bosker, 2011):

a) Observations are independent;
b) Error terms are independent;
c) Variance is constant across observations (homoscedasticity); and

d) Errors are normally distributed.

Meeting these requirements is critical for the model to work properly and to draw appropriate

conclusions. The problem in the case of school effectiveness models is that the units of
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analysis are pupils who are nested within schools (other higher-level groupings can be defined,
as discussed later), and hence, not independent, but clustered and thus correlated. Pupils from
the same school tend to have more similar results than those from different schools, due to
the selection processes put in place by schools and the shared environment (De Leeuw &
Meijer, 2008; Hox, 2010). This is certainly a violation of the first assumption of the MLR

approach (bullet point a).

As a consequence of this clustering, residuals derived from an MLR model would not be
independent. The fact that pupils are not randomly assigned to their schools has a great
impact on the error terms, which cannot be assumed to be random, but rather biased if
nesting is not taken into account (De Leuuw & Meijer, 2008). Additionally, pupils in different
schools may have errors with different variances. This is also known as heteroscedasticity and
is a consequence of the error terms not being random or not explicitly allowing different

residual variances at the higher-level units (De Leuuw & Meijer, 2008).

In sum, the standard MLR models are not robust to the violation of the assumption of
independence of the observations (De Leeuw & Meijer, 2008; Hox, 2010; Snijders & Bosker,
2011) and thus clustering in the data to be analysed must not be ignored. Of substantive
relevance is the fact that ignoring the hierarchical structure of the data leads to a large
underestimation of the standard errors, which in turn would potentially result in the
emergence of spuriously significant regression coefficients (De Leeuw & Meijer, 2008; Hox,
2010; Snijders & Bosker, 2011). The multilevel modelling framework, which allows a more
thorough and reliable way of analysing clustered data, is described and discussed in more

detail in the next section.

3.4. The multilevel modelling methodological framework

Multilevel modelling is an umbrella term for a wide range of statistical models appropriate for
clustered data. Multilevel modelling can be thought of as an extension of the classical Multiple
Regression Models (Hox, 2010) that allows the researcher to assess the variation in an
outcome variable at different levels of a predefined hierarchy structure. The specification of
multiple levels in the model results in the estimation of additional residual terms for every
level defined in the model, which can also be correlated (if allowed for) to one or more

explanatory variables (if any), but not to each other.

According to the particular way in which a multilevel model is specified, it can be named in
different ways. For instance, a random intercepts model allows the intercept to vary at
different levels, but specifies explanatory variables as fixed effects only (De Leeuw & Meijer,

2008; Hox, 2010; Snijders & Bosker, 2011). On another front, a random coefficients model
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(also known as random slopes model) can be understood as a further specification of the
random intercepts model, which not only allows the intercept to vary at different levels, but
also specifies additional error terms to allow the effect of one or more explanatory variables to
vary randomly across multiple levels (De Leeuw & Meijer, 2008; Hox, 2010; Snijders & Bosker,

2011).

To illustrate how a multilevel model is constructed, one can start by adopting the somewhat
'naive’ (for this purpose) MLR approach outlined in the previous section, where a basic single-
level model is implemented to further build up from it. Following Goldstein's (2011) notation, a
single-level regression model can be written as follows:
Yi = Po+ (XB); + e
where:
e;~N(0,02)

In equation 1, y; is the dependent variable measured at the level of the individuals, 5, is the

(1)

intercept or average across individuals, X3 is a vector of explanatory variables measured at the
individual level along with their corresponding regression coefficients, and e; is the error term,
which is assumed to be normally-distributed and uncorrelated with the predictors. Due to the
reasons outlined in the previous sections, the simplicity of this model is often considered to be
unrealistic in the Social Sciences in general and educational research specifically, where many
research problems involve dealing with hierarchically structured data (Hox, 2010; Snijders &

Bosker, 2011).

Although the set of explanatory variables can include dummy variables as fixed effects for the
relevant groups that produce the differences at the individual level, the adoption of this
approach is discouraged by many researchers for various reasons (See for example: Rasbash,
Steele, et al. 2012), including model parsimony, computational efficiency, as well as the

impossibility of making inferences to the wider population.

A more complex and realistic model for dealing with nested data specifies an additional error
term that describes the variability at the higher level(s) of the structure. The following equation

describes the Variance Components Model:
Yij = Bo +uoj + e;;
or in multiple equations notation:

Yij = ﬁotj
(2)
Boij = Bo + Uoj + €ij

where:

ugj~N(0,03), e;j~N(0,0Z), cov(uy;, €;;) = 0
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This model decomposes the total variation into two uncorrelated and normally distributed
random effects at the level of individuals and at the level of groups. This model is useful as a
baseline for assessing the relative importance of the multiple sources of variation and the level
of clustering of the observations. This variance components model is then extended to specify

explicitly explanatory variables, as equation 3 shows.

Yij = Boij + XB)ij + (XB); + uo; + €5
or in multiple equations notation:

Yij = Boij + XB)ij + (XB);
(3)
Boij = Bo + Ugj + €

where:

ug;j~N(0,02), e;j~N(0,02), cov(uy;, €;;) = 0

In equation 3, (XB);; and (XpB); are vectors of explanatory variables specified at both levels of
the structure (in this simple 2-level example model) and their corresponding regression
coefficients. (Xp); is suppressed from subsequent examples, because it is not central for the
argument; it is only specified here to clarify that explanatory variables can be present at any

level of the structure.

This equation represents the basic 2-level random intercepts model, in which two sources of
variation are estimated in addition to the relationship between the explanatory variables (x;;)
and the outcome (y;;). As a result, different regression lines are produced for each higher-level
unit. This model assumes that the effects of the explanatory variables are constant across the
groups of the sample and hence, the regression lines are parallel. In other words, the model
assumes homoscedasticity at the higher-level units, which implies that the variation of the

explanatory variables is constant across the higher-level groups.

Since this assumption is frequently regarded as unrealistic (De Leuuw & Meijer, 2008; Rasbash
et al., 2009), the model can be extended further to allow the slopes to be random, as specified

in equation 4.
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Yij = Bo + Bujxiij + uqjxq;j + XB)ij + ugj + ey
or in multiple equations notation:
Yij = Boij + Prjx1ij + XB)yj
Boij = Bo + Ugj + €
Biij = B1 + uy; (4)

where:

(uoj> ~N <0> < J()Zu 001u>
Uyj 0 Op1u Ulzu
e;j~N(0,05,)

In equation 4, x{ij is the explanatory variable that is allowed to vary randomly across the
higher-level units, u,; is the error term for the slope of the different groups and u; is the
overall error term at the higher level. In this 2-level random coefficients model, a new error
term has been added to account for differences in the variation between the groups of the
sample. Thus, regression lines with different slopes can be drawn. This model is particularly
useful in school effectiveness research, as the approach potentially allows for any effect to vary
across schools (De Leuuw & Meijer, 2008), and thus relaxing the assumption of

homoscedasticity.

As will be shown in the next section, when constructing a multilevel model for analysing school
value-added, this basic 2-level random coefficients model can be extended to include more
complex fully-nested or non-nested hierarchical structures, as well as more than one

dependent variable.
3.5. School value-added in the multilevel modelling framework

Multilevel models have been used to measure the progress that pupils make between
different stages during their schooling life. Multilevel models estimations are also used to
produce school performance league tables for the purpose of public accountability, as well as
informing parents' choice (Goldstein & Leckie, 2008; Goldstein & Spiegelhalter, 1996;
Goldstein & Thomas, 1996; Leckie & Goldstein, 2011a). This last purpose is debatable as
argued by Leckie and Goldstein (Goldstein & Leckie, 2008; Leckie & Goldstein, 2009), since the

estimations proceeding from multilevel models, although retrospectively informative, do not
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seem to be reliable predictions of future performance, which is crucial for the purpose of

school choice as discussed in chapter 2°.

As mentioned earlier, the first step in the implementation of a multilevel model implies
estimating the variance components. Recalling equation 2, the operational meaning of each

term is summarised in Table 3.1.

The variance components model (equation 2) estimates the grand mean S, as well as the
school effects uy; and the pupil residuals e;;. When school value-added is to be estimated, the
focus of the analysis is set at the school level residuals, which represent the effect that a
school has on the performance of its pupils. However, as this is an unconditional model (as
defined by Plewis, 1996), these school effects cannot be understood as 'true' value-added

estimates (Goldstein, 1997).

Table 3.7: Operational meaning of the terms of a 2-level variance components model for school
effectiveness

Term Operational meaning

Yij Pupils’ scores in a standardised test

Bo Overall (National) mean

Upj School effects

e Pupils' residuals

Vij = Bo + Ugj + € Full equation (2-level variance components)

Recalling equation 4, if xi"ij is assumed to be a measure of prior attainment, then the school
effects uy; can be regarded as value-added estimates, since what is being modelled under this
framework is the change in attainment scores. Prior attainment can be therefore defined as a
lagged outcome, which is denoted by y;_1;;). Controlling for this lagged outcome is equivalent
to model change directly by subtracting y;(;jy — ¥¢—1(ij)- This can be more easily appreciated
when equation 4 (but omitting the vector of explanatory variables for simplicity) is rearranged

and rewritten in the following way (as seen on: Berrington et al. 2006; Plewis 1996):
Yeij) = Bo + Bujxii; +u; + e
Subtracting x’{i]- in both sides of the equation, it gives:
Yeaj — X1ij = Bo + (Br — Dxqy +uj + ey (5)
and replacing xL-j = Ye_1(ij), it gives:

Yeiij) — Ye-1(j) = Bo + (B — DYye—1qj) 4 + ey

°The issue of predicting future school performance is not central to this research, but it will be
discussed briefly in later chapters.
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In equation 5, pupils' progress, or change in attainment scores to be more precise, is a function
of the overall mean and two uncorrelated normally-distributed random effects. An additional
assumption is that the effect of prior attainment is fixed, which implies that it does not vary
across schools. This value-added model constitutes a conditional (Plewis, 1996) or first order
autoregressive (Steele, 2008) model. However, this model is still highly misfitting, misspecified
and misleading as shown by some researchers (Ferrdo & Goldstein, 2009; Foley & Goldstein,
2012; Leckie & Goldstein, 2009, 2011b). Researchers have found high levels of unobserved
heterogeneity (Steele, 2008) in the relationship between prior and subsequent attainment,
which is most likely the result of mutual dependence and time-invariant omitted variables

(Steele, 2008).

These statistical issues have led researchers to argue in favour of what has come to be known
as "contextualised value-added models" (Foley & Goldstein, 2012; Ray, 2006), which control
this model misfit by including socio-economic, demographic and educational characteristics of
pupils and schools. Rearranging equation 5 as a conditional 2-level model, controlling for prior

attainment, pupil characteristics and school context, the resulting equation is:

Yeij) = Boij + B1Ye-1aj) + XB)ij
Boij = Bo +u; + e;; (6)

where:
Uuj ~N(O, 0'1%)

el-j~N(0, O'ez)

In equation 6, X is a vector of explanatory variables at the pupil and/or the school level. This is
the most basic and common approach used for assessing contextualised school value-added.
However, more recently, researchers (Ferrdo & Goldstein, 2009; Fielding & Goldstein, 2006;
Fielding et al., 2006; Foley & Goldstein, 2012; Leckie & Goldstein, 2009, 2011b; Leckie et al.,
2010; Leckie, 2009) have found that CVA models do significantly benefit from the extension to
more complex random effects structures, including additional random coefficients at the
higher levels to control for heteroscedasticity, as well as additional levels of variation, which
can also be non-fully hierarchical. Extending equation 6 to include additional higher levels and
random coefficients for prior attainment, a 4-level random coefficients CVA model can be

written as follows:
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Yeajrr) = Boijiw + BrjtYe-1ajry + EBiji
Boijit = Bo + for + Vorr + Uojki T €oijiki
Bijki = P1+ fu + Vike + Usjia

where:
2
(f°l)~N (0) <00f J01f>
fu 0/'\oo1y off (7)
(%kl) ~N <0> (Ugv 0011:)
V1ikl 0/’ Oo1v 0121;
(uojkl) N <0> <U§u Go1u)
U1 jki 0/’ 001u (712u

eoijki~N(0,05e)

This extension of the basic 2-level model of pupils nested within schools, can introduce for
instance the levels of classrooms and local education authorities, as it has been done in other
studies (Cervini, 2009a, 2009b; Goldstein et al., 2007; Leckie, 2009; Martinez, 2012; Plewis,
2011; Rasbash et al., 2010). Nevertheless, other higher levels can be specified, such as the
teacher level and the province or region level. Furthermore, other random coefficients can also
be specified to control for heteroscedasticity arising from other pupil-level variables; this can
be useful to explore differential school effects for certain groups, usually defined by

demographic characteristics such as gender and ethnicity (Kyriakides, 2004; Plewis, 2011).

Equation 7 is the algebraic form of the main model to be fitted in chapter 4 for progress in
Mathematics and Spanish Language'. Both subjects are specified as outcomes in two separate
univariate multilevel models. It needs to be pointed out that this is still a fully hierarchical
model and, even though its complexity makes it a better approximation to the complex
network of effects on pupils' performance than the traditional approach (2-level CVA models),
it is still incomplete as it assumes that primary schools have no influence on pupils'
performance and that their performance in different subjects are not related to each other.
The value of such a model (a 4-level CVA model), as it will be discussed in more detail in
chapter 4, lies in the fact that it is still informative of school effects in a more thorough way
when compared to the traditional 2-level CVA models and this is done in a way that is fairly

straightforward for a non-statistical audience.

“The main focus of Chapter 4 is set on the 4-level CVA models following the form of equation 7.
Nevertheless, by the end of this chapter, an empty cross-classified model is fitted with the purpose of
illustrating that there are further adjustments that can be made, but not as straightforwardly. In Chapter
5, this cross-classified specification is fully implemented.

67



In spite of its practical value, the 4-level CVA model controlling for the effects of local
authorities and classrooms within secondary schools, makes some untenable assumptions
from a statistical point of view. Considering that often pupils move from one school or
neighbourhood to another during their educational trajectories, and that these conditions are
likely to have differential effects on their performance, the model outlined in equation 7 can

be extended and rearranged to allow for cross-classified effects as follows:

BoiGiujainin = Bo ) +u? P +uf + e, )

Note that this model does not contain a random coefficient for prior attainment and the
variance structure of the random part has been omitted, for the sake of simplicity, although it
follows the same pattern as shown in equation 7. It can also be appreciated that the subscripts
are now all denoted by "j", because the structure is not strictly hierarchical. Specifying an
additional random classification for primary school (or neighbourhood as noted earlier) makes
the structure follow a cross-classified pattern, where, for instance, two pupils may have
attended the same primary school, but not necessarily the same secondary school. Such a
structure sets all the higher random classifications at the same level, and hence the "j"
subscript for all. The multiple subscript notation in equation 8 may be deemed as excessive,

and thus it is rearranged as follows:

Yeay = Boi + B1Ye-10) + XB): (9)
— ® (2 3 4)
Boi = Bo + Up tea(i) + Ug, second(i) + Uo prim(i) + Up,class(i) te

Once again, the model has been intentionally simplified, so it contains no random coefficients
for the pupil-level variables of the fixed part; moreover, the variance structure has also been
omitted, since it follows the same structure as outlined in equation 7. This is a cross-classified
5-level model (Fielding & Goldstein, 2006; Fielding et al., 2006; Goldstein et al., 2007; Hill &
Goldstein, 1998; Simonite & Browne, 2003), where full nesting of levels is not assumed. For
this reason, note that the model in equation 9 no longer identifies the higher-level residuals

with different subscripts ("j", "k", and so forth), and now they are all denoted by an

abbreviation of the level they correspond to and the "i" subscript for pupils. The superscripts in
parentheses for the higher-level residuals are used to denote the number of each level (this is
especially useful for the random part of the model). The levels specified in this model are the
same as in equations (8) and (9), namely: local education authorities (lea); secondary schools

(second); primary schools (prim); classrooms (class) and pupils (i).
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This cross-classified structure does not have the unrealistic underlying assumption that the
only school that has an influence on the outcome (specified at the pupil level) is the secondary
school to which the pupils has attended. Thus, it does not ignore the primary school. As
mentioned before, this has proved to be particularly useful in educational research, where it is
relevant to estimate the carry-over effects of primary school into secondary school

performance (Leckie, 2009; Rasbash et al., 2010).

Despite its more realistic complexity, the specification of additional levels of variation in this
extended CVA model is still incomplete. Up to this point, only one dependent variable has
been specified in the CVA models; however, further extensions can also include multivariate
response multilevel models, where two or more dependent variables and their corresponding
relationships can be analysed. Following Goldstein's (2011) notation, the most basic 2-level

multivariate model can be written as in equation 10 below.

Yij = Bo1ijZ1ij + BozijZzij + XB)1ijzaij + (XB)2ijzzij
Boiij = Bo1 + Uqj + eqyj
Bozij = Bo1 + Uzj + €y

where: (10)

1if outcome 1
1ij = (

VZyii = 1— Z4::
0 if outcome 2) 2l 1

and:
<u1j> ~N ((0) < o Uu12>>
Uzj 0/'\ou12  0pz
(elj> ~N <<0) < o Ue1z>>
€2j 0/'\Oe12 0%
In equation 10, the bivariate outcome y;; is a twofold set of outcome variables defined by the
dummy variables z,;; and zy;;. This model fits two equations simultaneously. The data set no
longer has the wide format as in previous models; it now has the long format with two
observations per case (one for each outcome). A more detailed example is appreciated in
Table 3.8. Note that in equation 10, prior attainment has been suppressed and merged into
the vector of explanatory variables X, as this makes no difference in the estimation. It can also
be appreciated that the variance structure of the random part is more complex than in
previous models, since covariance terms between the random intercepts of both outcomes are
to be estimated at all levels; this is the element that links both equations fitted for z;; and

Zyij- Obviously, this basic bivariate 2-level model can be extended to situations where residual

slope variances and additional levels are to be estimated.
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Table 3.8: Example of data set in the long format for bivariate model

Pupil Response Outcome (1) Outcome (2)
Z3ij Z3ij

1

" ! 0

2
&

1
A

2
0

1
A

2
3 ys”

Source: Adapted from Goldstein (2011

w NN R
o »r O +» O

1
0
1
0
1

~

The following equation is an extension of equation 10 for the case of a model with two
dependent variables, which can be for instance standardised tests scores of two core subjects,
and five non-fully hierarchical levels. For this study, the two outcome variables are

Mathematics and Spanish Language scores in the standardised SIMCE tests.

Vi = Bo1Z1i t BozZzi + XB)1iz1; + (XB)2iz2;

_ 1 (2 (3) “)

Bo1 = Bori + U tea(d) + Uy second(i) + Uy prim(i) + Uy class(i) + ey
_ 1 (2) 3) 4)

Boz = Bozi + Uy tea(i) + Uy second(i) + Uy prim(i) + U; class(i) + ez

where: (11)

1if outcomel
2 = <

,Zy =1 — zq;
0if outcomeZ) 2 i

and:

(2)

®
Uy lea(i) U1 second(i)
<u(1> ~N(0,0,w) | ~N(0,Q,@),

2,lea(i) 2,second(i)

3) (4)
Uy prim(i) U1 class(i)
( P ~N(0,Q,3), @ ~N(0,Q,@),

2,prim(i) 2,class(i)
€1i) o
() ~N0.00)

In equation 11, all Q's follow the variance-covariance structure of equation (10) and prior
observations of both outcomes (prior attainment in the corresponding subject) have been
merged into their corresponding vector of explanatory variables X. Furthermore, the levels
specified in this model are the same as in equation 9. This model does not specify random
coefficients for any explanatory variable, and hence, it can be regarded as a 5-level random
intercepts bivariate cross-classified CVA model. Nevertheless, it can still be further specified to

include random coefficients for the explanatory variables to test for differential school effects.

When random coefficients are specified, the model increases in complexity notably, because

of the number of additional random-effects parameters at all the higher levels, were they fully
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specified. In this research, prior attainment in Mathematics and Spanish Language have been
specified as random effects only at the level of secondary schools, since the focus is set at the
school level; however, the model would eventually allow for more random effects at the other
higher levels of the structure. As before, following the general multilevel notation as described
in Goldstein (2011) and the classification notation described in Browne et al. (2001), the
random coefficients bivariate cross-classified 5-level model to be fitted in chapter 5 has the

algebraic form of equation 12.

Vi) = Bo1Z1i + BozZazi + B11Z1iYe-1¢) + B1222iYe-10) T KB 1iz1i + (XB)2i22

_ (1) (2) 3) 4)
Bo1r = Boxi + U1 local(d) + Uy secondary(i) + Uy, primary (i) + U1 classroom (i) t e
_ 6)) ©) (3) (4)
Boz = Boz2i + U local(d) + U3 secondary(i) + Uz primary(i) + U classroom () t e
_ 2
ﬁll - Blli + u3,secondary(i)

_ )
B2 = ﬁlZi + u4,secondary(i)

where
_ {1 if Mathematics} _ { 1if Language }
“1 T 0if Language §’72 T |0 if Mathematics)’

and
ugll)ocal(i) WY . 4D 01 Ouiiaz (12)
' ~mvN (0,05): 0% = :
u(l) o " Ou11,12 0212
2,local(i) ull, u
— (2) -
ul,secondary(i) 0.2 o o G
o [ 0i21 u21,22  Ou21,23  Ou21.24|
2
uZ,secondary(i) @ . 2 _ 0u21,22 0u22 0422,23 0u22,24|
P ~MYN(0,Q,7): Q.7 = . e
U3 secondary(i) |Ouz1,23  Ouz2.23 u23 u223,24|
u(Z) [0u21,24 Ou22,24 Oy23,24 0124
L4, secondary(i)
3) )
ul,primary(i) ~MvN (0 0 3) .0 (3) _ | %u31 0y31,32
ul® VAR Ou3132  Ousz
2,primary(i) ’
(4) 2
ul,classroom(i) MvnN (o0 o (€)) .0 (€)) _ Ou41 Oy4a1,42
ul® uw ) Ousraz  Ohaz
2,classroom(i) ’

[ex ~Mvn(0.0,): 0, = [031 6912]

€ € Oe1z 0
This model not only would allow for more random coefficients, as already mentioned, but also
more outcome variables. Given that school performance can be understood as a
multidimensional phenomenon, a more thorough approach would need to include more
outcome variables, such as pupils' scores in Science, History and whatever other subject is
assessed, along with non-educational outcomes such as motivation, school climate,
satisfaction, etc. Regretfully, the 2004-2006 SIMCE databases are limited to the longitudinal
assessment of pupils' attainment in Mathematics and Spanish Language and do not include
any assessment of non-educational outcomes, and hence the model can only be specified as a

bivariate multilevel model. Nonetheless, extending this model further would be rather
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straightforward, insofar as it would only require additional dummy variables ("z" indicators in
equation 12) and random intercepts at all higher levels, which would follow the same variance-
covariance structure already explained. Although, its ever-increasing complexity would make it

even less accessible for a non-statistical audience.
3.6. Variance composition and residuals in multilevel models

Analysing the composition of the total variance by splitting it into diverse sources (levels)
allows assessing the relative importance of each component/level. The variance partition
coefficient (VPC) is an important diagnostic measure that allows to assess whether it is
worthwhile to utilise a multilevel model or to keep a single-level model, since it provides an
indication of how biased the estimates of a single-level model are expected to be (Goldstein,
2011; Hox, 2010; Snijders & Bosker, 2011). From a substantive point of view, in a school value-
added model, the VPC allows to assess the relative "weight" of the school residuals with
respect to all other sources of variation. Recalling equation (2), the 2-level variance
components model assumes that the estimates of the residuals at the school (u;) and pupil
level (e;;) are uncorrelated and follow a normal distribution with a mean of 0 and variances o2

and 2. The proportion of the total variance accounted for by the higher-level units can be

assessed by computing the variance partition coefficient as follows:

aé, (13)

T o+ ok

This coefficient is also known as 'intra-class correlation' (Snijders & Bosker, 2011) or 'intra-
school correlation' in a basic 2-level school value-added model. In models with three and more
fully-hierarchical levels, there are two ways of calculating the variance partition coefficient
(Hox, 2010). The first way is expressed in equations 14a and 14b; this is an extension of the
equation for a 2-level model (equation 13), where the proportion of the variation exclusively
due to a single level is calculated, and hence, the numerator of the equation only includes the
variance estimate of the particular level of interest, whereas the denominator is defined as the
sum of the variances of all levels. For a 3-level model, this is expressed by the two forms that

equation 14 can take.

a) 0, = G()Zu
y =
O—gv + U()Zu + O-ge (14)
2
(o
b) Py = ov

2 2 2
0oy 1 0oy T+ 0ge

In equations 14a and 14b, the subscripts "v", "u" and "e" denote the residuals of levels 3, 2 and
1, respectively, which can be, for instance, the levels of secondary schools, classrooms and

pupils. For the case of a 4-level model, equations 14a and 14b can be extended to include the
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variance of the intercept at the highest level, i.e. local authorities in this research. The fourth
variance would be included in the denominator for calculating the VPC of each level of the

structure and in the numerator to calculate the VPC of that particular additional higher level.

The second method takes into account the nested structure (Siddiqui et al., 1996). Thus in a 3-
level fully-nested model, lower-level units that belong to the same cluster, also belong to the
same super-cluster. Hence, the variances of both higher-level units are included in the

numerator of the equation as follows:

=Tt (15)
Oov + Opy + Ope

This method can be understood as a ‘combined VPC'. Both methods can be easily extended to

situations where more fully-hierarchical levels are specified, by including the additional

variance estimate in the denominator and the variance estimate of interest in the numerator.

It should be noted though that the 'combined VPC' method is not applicable for models where

full nesting of levels is not assumed, such as cross-classified models (model to be implemented

in chapter 5), and hence only the 'exclusive VPC' approach must be adopted.

Despite its importance, the VPC does not give any estimation of the goodness of fit, which is
best assessed by the likelihood ratio test for nested models, where the single-level model is
used as a baseline (Goldstein, 2011; Hox, 2010). This method can be extended to situations
where more fully-hierarchical levels are specified, using the last estimated model as the

baseline (Goldstein, 2011; Hox, 2010).

Nevertheless the aforementioned, educational researchers have largely demonstrated that
multilevel models are the current best approach for analysing pupil and schools' performance
in standardised tests (Goldstein, 1997). For this reason, the basic 2-level model of pupils

nested within schools is the starting point of the modelling process.

Since it has been determined that the multilevel structure does imply an improvement of the
overall fit of the model, and hence it is the best approach, the focus of the modelling process is
set on the estimation of the most reliable and unbiased school effects. The following equation
shows how the schools' residual point estimates are computed in a basic 2-level model of

pupils nested within schools:

n;oh
0 =——7;
J (njaﬁ +02) J
where: (16)
_ Z(yij - .30)
=
n.

/)
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This is known as the posterior estimate of the school effects or 'shrunken residuals' (Goldstein,
2011); where n; is the size of the j-th school; alf is the between-school variance; and 7j is the
mean of the pupils’ raw residuals of the j-th school. These shrunken school residual estimates
explicitly incorporate uncertainty by adjusting the effects according to the size of the schools
and the variability recorded in the scores of their own pupils, which produces more
conservative value-added estimates. The variance associated with these school effects is

estimated as follows:

var(f; —u;) = % (17)
j%u e
This variance can be regarded as a ‘comparative variance’ (Goldstein et al., 2002), as it allows
comparing the raw school residuals with their ‘true’ values. Here, a ‘superpopulation’
perspective is adopted (for a wider discussion on the superpopulation models, see for example:
Isaki & Fuller, 1982), because the main interest in this analysis is to establish the mean effect of
this theorised underlying process that is generating these results, in order to produce better
estimates (Goldstein et al.,, 2002). This variance can also be used to compute confidence
intervals for the ‘true’ value of the school residuals. Thus, assuming that the schools effects are
normally distributed, a 95% confidence interval for the effect of the j-th school can be

estimated as shown in equation 18.

G; —1.96 /var(ﬁj —u;) <u; <0+ 1.96 /var(ﬁj —u;) (18)

In equation 18, -1.96 and 1.96 are, respectively, the approximate values of the 2.5 and 97.5
percentiles of the standard normal distribution. This confidence interval might then be used to
determine whether the effect of a particular school is significantly different from zero and
produce more reliable school performance tables, which is the common practice in England

(Foley & Goldstein, 2012; Ray, 2006).

Constructing 95% confidence intervals for the school residual point estimates with 1.96
standard deviations is useful for comparing schools with the overall average. However,
Goldstein and Healy (1995) have shown that using 1.39 standard deviations (instead of the
usual 1.96) for constructing the confidence intervals is especially useful for making pairwise
school comparisons. This approach has not been implemented, as it escapes the scope of this

research.

In this section, only the most basic form of the school value-added estimates has been
described. As it will be appreciated in chapters 4 and 5, as the models become more complex,

the school value-added estimates shrink further, due to the effect of the explanatory variables
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and the further specifications of the model, such as the inclusion of random coefficients. When
these specifications are made, the traditional notions of 'school value-added' or even
‘contextualised value-added' no longer apply, although the focus of the modelling process is

still on the estimation of the school residuals.

3.7. Analytical strategy

3.7.1. Construction of the cultural capital indicator

In order to avoid possible problems of multicollinearity by adding different variables
theoretically related to cultural capital and to each other, a latent variable approach was
adopted to analyse the effect of cultural capital on pupils' progress in chapter 6. Four variables
imported from the parents' survey can be thought of as realisations of the latent construct
“cultural capital" (Bourdieu, 1986). These four variables are: a) parents' educational
qualifications; b) number of books in the household; c) frequency with which pupils read "for
pleasure" (fiction books, novels and/poetry, magazines, newspapers, etc.); and d) frequency

with which parents read "for pleasure".

These four variables are ordinal, which is why the traditional approach of factor analysis
cannot be implemented reliably. One of the appropriate statistical procedures to be
implemented is confirmatory factor analysis for ordered categorical data (Hancock & Mueller,
2006; Kaplan, 2009; Kline, 2011; Muthén, 1978, 1983, 1984). This is also known in the
literature as Item Response Theory (IRT) models (de Ayala, 2013; Kline, 2011). This analysis can
be easily implemented in the software package Mplus (Muthén & Muthén, 2012). The model
implemented contains one latent variable called "cultural capital" defined by the four ordered
categorical measures mentioned above. The measurement model is a two-parameter probit
model and is estimated using the WLSMV algorithm (Mean-and-Variance-adjusted Weighted
Least Squares), which is the default estimator for categorical data in Mplus, because of its

robustness demonstrated in simulation studies (Yu, 2002).

Several measures of goodness of fit were used to assess the measurement model since there is
not any all-purpose fit measure. The Chi-Square test assesses how well the specified model fits
the data, by judging the discrepancies between the sample and the model covariance matrices
(Hooper et al., 2008). This is reported in this research; however, the large number of
observations makes it unreliable for being overly sensitive to small departures from normality.
Other measures used to assess the fit of the measurement model are those that assess the
discrepancies between a baseline model and the measurement model; these are known as
incremental, relative or comparative fit indices (Hooper et al., 2008): a) the Tucker-Lewis Index
(TLI); b) the Comparative Fit Index (CFl). On the other hand, the Root Mean Square Error of
Approximation (RMSEA) is a measure of the differences between the sample covariance matrix
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and the fitted covariance matrix and it has been regarded as one of the most informative and
robust fit indices (Hooper et al., 2008). Finally, the last fit index used in this research is the
Weighted Root Mean Square Residual (WRMR), which measures the weighted average residual
differences between the estimated and the population variances and covariances (Yu, 2002).
The criteria to judge the values of these measures were obtained from Hooper et al. (2008), Yu

(2002), Kaplan (2009), Kline (2011), as well as Finney and DiStefano (2006).

From this measurement model, a predicted latent normally-distributed variable was derived to
represent "cultural capital" as an individual-level continuous explanatory variable in the
bivariate multilevel model to be implemented in chapter 6. The multilevel models presented in
chapter 6 follow the same analytical strategy as for the models in Chapter 4 and 5, which is

outlined in the next section.

3.7.2. Multilevel model building approach

The models implemented in chapters 4, 5 and 6 have been built sequentially, following a
strategy that has been adapted from Hox (2010) to include the assessment of the addition of
multiple levels to the model. The analyses have been performed by using the software Stata,
version 12.1 (StataCorp, 2011) and the user-built Stata module "runmlwin" (Leckie & Charlton,
2013) which runs the software MLwiN (Rasbash, Charlton, et al., 2012) from within Stata. Each
step uses the estimates stored from the previous model as the starting values for the

parameters to estimate in the subsequent model.

The parameters of the models considering a fully-nested structure (chapters 4 and 6) have
been estimated by using the Iterative Generalised Least Squares method (IGLS) which is the
default estimation method for normally distributed variables in MLwiN. In the case of the
cross-classified models of chapter 5, IGLS estimates are used as a way of providing reliable
starting values for the Markov Chain Monte Carlo (MCMC) estimation. MCMC estimation, in
the model exploration stage, was carried out with the Gibbs sampler using diffuse priors, a
burn-in period of 500 iterations, a monitoring chain length of 5,000, storing all iterations
(thinning equals to 1). For the full model in chapter 5, the monitoring chain length was
increased to 215,000, storing all iterations. The necessity of treating the levels as cross-

classified came to be when adding the level of primary schools.

Estimation via MCMC in MLwiN is needed, because it is more computationally efficient than
fitting a cross-classified model using maximum likelihood (ML estimates, which are obtained
via the IGLS algorithm). This is because obtaining ML estimates requires a series of constraints
that increase the computational burden even in the univariate case. The bivariate case would

require even further extensions to the estimation algorithms that are not readily available in
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other software packages, such as Stata or R. For instance, the "Ime4" package in R does
support ML estimation of cross-classified models; however, it does not handle multivariate
outcomes. The same occurs for the "mixed" module in Stata. On the contrary, MLwiN has the
capability of handling multiple outcomes and crossed effects simultaneously and it is fairly

straightforward to implement using MCMC estimation.

The statistical significance of the specification of every level was judged either by using the
Akaike Information Criterion (AIC) or the Likelihood Ratio Test (LR test) for the case of the
models with fully-nested structures (chapters 4 and 6); and by using the Deviance Information
Criterion (DIC) (Spiegelhalter et al., 2002) for the case of the bivariate cross-classified models
of chapter 5. A full description of these tests can be found in Snijders and Bosker (2011),
Goldstein (2011) and Browne (2012). In sum, the analytical strategy followed in this research

can be summarised in these seven steps:

Step 1: "Analyse a model with no explanatory variables" (Hox, 2010, p. 56). This step starts by
fitting a 2-level variance component model for attainment in Mathematics or Spanish
Language (or both simultaneously in chapters 5 and 6) and set this as a benchmark for the next
steps that involve specifying additional levels. Since there is evidence in previous research that
the misspecification of the number of levels can lead to bias in the models (Tranmer & Steel,
2001; Van Landeghem et al., 2010), the specification of additional levels ought to be assessed
as well. This step corresponds to what Timmermans et al. (2011) denote as "type 0 value-

added" or "gross school effects". Within this step, the following sub-steps are also taken:

a) Analyse a 2-level empty model. This model is set as the baseline model with the most
frequently analysed structure in educational research, i.e. pupils nested within
(secondary) schools.

b) Analyse a 3-level empty model. Since it is theoretically and empirically plausible that
the classrooms, to which pupils are assigned, are a source of variation in academic
performance, a 3-level empty model is fitted. Its deviance is then compared to the
baseline model to assess whether it is a significant addition to the model. This model is
structured as pupils nested within classes within schools.

c) Analyse an alternative 3-level empty model. If the structure defined in the step 1b) is
not found to be a significant addition to the model, an alternative 3-level structure
may be assessed, which is pupils nested within schools and schools nested within local
authorities. The inclusion of these as a higher-level in the analysis is performed given
the empirical evidence of diverse levels of pupils' performance and high levels of socio-
economic inequality amongst local authorities. This sub-step renders redundant if sub-

step 1b yields significant results and is therefore skipped.
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d) Analyse a 4-level empty model. Having tested and proved the significance of the model
proposed in b), the next step is to assess the contribution of the addition of a fourth
level. As mentioned in c), there is empirical evidence that suggests that there is a
geographic component in pupils' performance. Thus, a 4-level model of pupils nested
within classrooms within schools within local authorities is implemented.

e) Analyse a 5-level cross-classified empty model. Having tested the significance of the
previous model (sub-step 1d), the next sub-step is to assess whether the additional
non-nested level of primary schools significantly contributes to improve the overall fit
of the model. This model specifies the level of primary school as an additional random
effect; however, since pupils from the same secondary may have gone to different
primary schools, this model is not completely hierarchical, which requires to fit a cross-

classified multilevel model, where a not fully-nested structure is implied™.

Step 2: An additional step has been included in this strategy to specify a conditional model to
take into account the variance from the prior scores in Mathematics or Spanish Language. As
mentioned previously, a true value-added model needs to control for prior attainment as this
allows having a measure of progress from one stage to another. This also allows setting a
baseline for estimating the amount of variance accounted for by the model at all levels. In this
step, the variable "prior attainment" (either in Mathematics or Spanish Language separately,
or simultaneously) is added to the model, which is the score that pupils obtained in the
previous occasion of the test. This corresponds to a "type AA value-added" model

(Timmermans et al., 2011).

Step 3: "Analyse a model with all lower-level explanatory variables fixed" (Hox, 2010, p. 56). In
this step, the pupil-level variables are added, namely: gender, retention and average monthly
household income. Furthermore, the following relevant interaction terms are specified: prior
attainment and gender; prior attainment and income; prior attainment and retention; gender
and income; gender and retention and; income and retention. This corresponds to the "type A
value-added" (Timmermans et al., 2011), which would be the most useful for school choice
purposes from a substantive perspective. Methodologically, this model can be thought of as an
intermediate model that allows controlling for compositional effects, when the primary aim is

to isolate the school effects.

" This model is implemented and presented at the end of chapter 4, only for the case of attainment in
Mathematics, to show how carry-over effects from primary school are relevant sources of variation in
academic performance. However, it has not been implemented with the full set of explanatory
variables, since it is highly time-consuming and, more importantly, it is beyond the main aim of that
chapter. Nevertheless, a cross-classified structure is fully implemented in the bivariate CVA models for
progress in Mathematics and Spanish Language of chapter 5.
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Step 4: "Add the higher-level explanatory variables" (Hox, 2010, p. 57). In this step, besides
including the pupil-level variables from the previous step, the school-level variables (school's
institutional type and school's average socio-economic status - SES) are added to the model, as
well as the interaction between both variables. The intermediate model fitted in this step and
all the forthcoming are all classified as "type X value-added" models (Timmermans et al., 2011),

since school context and non-malleable factors are included in this step onwards.

Step 5: "Assess whether any of the slopes of any of the explanatory variables has a significant
variance component between the groups" (Hox, 2010, p. 57). In this step, prior attainment
scores and gender are allowed to vary randomly across all higher-levels. The significance of

these random coefficients is assessed by performing the LR test and comparing the AIC values.

Step 6: "Add cross-level interactions between explanatory group-level variables and those
individual explanatory variables that had significant slope variation" (Hox, 2010, p. 58). In this
step, the interaction between prior attainment scores, gender and the school-level variables
institutional type and school SES are added in the model. The significance of these interactions

terms is assessed by performing the Wald test.

Step 7: Fitting a 2-level model with the same specifications as the final 4-level CVA model for
comparison. This step is not included in Hox's strategy. This is performed with the purpose of
demonstrating the practical usefulness and statistical superiority of the extended CVA models
fitted in this research. These models are comparable insofar as they are nested, i.e. the 2-level
CVA model can be thought of as a constrained 4-level CVA model, where the intercept is not
allowed to vary randomly across the additional higher levels of classrooms and local

authorities.

This analytical strategy was used to implement the univariate CVA models for progress in
Mathematics and Spanish Language presented in chapter 4. It was also used to implement the
bivariate CVA model presented in chapter 5, where instead of building two separate models
for progress in Mathematics and Spanish Language, a model with two dependent variables was
built taking into account the correlation between both subjects as seen in equation 12. The
models presented in chapter 6 also follow this strategy, with the exception of step 7, which is

irrelevant for the purpose of that chapter.

3.7.3. Dealing with missing data

Needless to say, handling missing data appropriately is very important in statistical analysis;
however, this in itself is a complicated matter. For the case of the models in chapters 4 and 5,
which use data from tables 3.2, 3.3, 3.4 and 3.6, the treatment of the missingness is listwise

deletion. This is done for reasons of parsimony and convenience as in other previous studies
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(see for example: Leckie, 2009; Rasbash et al., 2010). The most appropriate way of handling
this issue from a statistical point of view is multilevel multiple imputation; however, this also
has its limitations. As discussed later in chapters 7 and 8, performing post-estimation
procedures on multiply imputed datasets is particularly cumbersome (and thus usually avoided)
in multilevel and latent variable settings (Gelman et al., 2005). Moreover, standard procedures
are not readily implemented in any software package. For instance, MLwiN can indeed
estimate models from multiply imputed datasets; however, it only estimates residuals for the
complete cases. Even though a reasonable doubt can be cast on the results from the models
using complete cases only, results from a multilevel multiple imputation procedure performed
on a sample of the full dataset showed very little bias in the coefficients when comparing the
results from a complete-case analysis and the pooled results from the multiply imputed
datasets. The multilevel multiple imputation models were run using the software package
Realcom-Impute (Carpenter et al., 2011) in combination with MLwiN. Full details are given in

appendix 4.

In the case of the measurement models of chapter 6, which use the data presented in Table
3.5, the handling of missing data was pairwise deletion. This is implemented by default in the
software package Mplus (Muthén & Muthén, 2012), in which the measurement models were
run. Pairwise deletion in the Mean and Variance Adjusted Weighted Least Squares (WLSMV)
algorithm, allows estimating the covariance matrix efficiently, even in the presence of missing
data. The measurement model of chapter 6 is estimated with 199,114 cases, i.e. 98.27% of the

total number of cases.

3.8. Ethical Issues and Considerations

The main ethical issues that arise from this research are associated with the treatment of
personal data, confidentiality and the risk of disclosure. Personal information referring to
pupils, teachers, parents and carers in the SIMCE databases has been anonymised by the
Chilean Ministry of Education. For the case of schools, an anonymisation procedure has been
implemented to ensure that school identifiers are encoded in an unidentifiable and yet

consistent way.

Despite these measures, the risk of disclosure is still an issue that needs to be tackled. For this
matter, the recommendations from the UK Office for National Statistics (ONS, 2006) regarding
the reduction of the risk of disclosure are to be followed. This implies the careful release of
descriptive statistical tables, where no cell must contain four or less cases, because this

produces a high probability of identification.
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Chapter 4: Analysing value-added for external school accountability from a
univariate perspective

4.1. Introduction

The main purpose of this chapter is firstly to analyse how school value-added and pupils'
academic progress are affected by factors external to the widely known effects of the socio-
economic and demographic characteristics of the pupils and the schools. As discussed in detail
in previous chapters, the traditional approach to school effectiveness has involved the analysis
and implementation of 2-level models, where pupils are nested within school; however, recent
research has shown how these models, although still informative to a certain extent, can be

insufficient to tackle the underlying complexity of academic performance.

In this chapter, a 4-level CVA model for progress in Mathematics is developed and discussed in
detail in a step by step fashion, with the purpose of illustrating the whole modelling process
towards a more reliable and fair model for external school accountability. In this extended
model, the additional levels of classrooms and local authorities are specified and proved to be
significant sources of variation in progress. Later on, the more complex extended specification
of this CVA model is compared to a simpler specification akin to the traditional 2-level

approach, with the purpose of demonstrating its practical usefulness and statistical superiority.

Afterwards, the 4-level model is extended even further to assess the carry-over effects of
primary schools in Mathematics progress as a starting point for the analyses carried out in
chapter 5. By the end of this chapter, an analogous extended 4-level CVA model is fitted with
Spanish Language as the outcome and the differences with respect to what is recorded in the
case of Mathematics are discussed in detail. The CVA models fitted throughout this chapter are
univariate and deliberately so, because the purpose is to propose a relatively straightforward
extension to the traditional approach that can be readily applied to inform school
accountability in a fairer and more reliable manner. Finally, the conclusions arising from these

analyses are discussed.

4.2, Descriptive analysis

In this section, the data are explored to gain insight into different patterns that can be useful
towards the implementation of the more complex statistical models to follow later in this
chapter. Table 4.1 summarises the results obtained in the 2004 SIMCE tests of Mathematics
and Spanish Language by pupils in Year 8, grouped by gender and the institutional type of the

school they attend.
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Table 4.1: Summary of descriptive statistics for the 2004 SIMCE test, by school type and gender

Spanish Language test Mathematics test

School typet Gendert Mean Std.Dev Min. Max. Mean Std. Dev. Min. Max.
Female 254.01 47.32 97.51 391.67 |245.84 45.7 122.56 406.09
Male 2473 50.53 98.09 391.67 |257.34 4852 119.47 406.09
State-funded Total 250.83 4898 97.51 391.67 |251.29 47.4 119.47 406.09
Female 267.57 46.65 101.12 391.67 |258.46 45.61 120.42 406.09
Subsidised  Male 256.35 49.35 92.86 391.67 |266.69 47.37 116  406.09
independent Total 262.16 48.3 92.86 391.67 |262.42 46.65 116  406.09
Female 309.38 38.48 134.03 391.67 |309.76 41.81 130.02 406.09
Male 297.15 43.53 104.66 391.67 |317.09 41.69 123.96 406.09
Independent Total 303.15 41.58 104.66 391.67 | 313.5 4191 123.96 406.09
Female 26497 48.47 97.51 391.67 |256.95 48.13 120.42 406.09
Male 256.03 51.08 92.86 391.67 |267.03 49.91 116  406.09
Overall Total 260.67 49.94 92.86 391.67 |261.79 49.25 116  406.09

T Differences in Mathematics and Spanish scores between types of schools are all significant at the 0.001 level.
T Differences in Mathematics and Spanish scores between male and female pupils are all significant at the
0.001 level.

In Table 4.1, it is observed that the Spanish Language scores have a slightly higher variation
(49.94) than scores in Mathematics (49.25). This is also confirmed by a coefficient of variation
of 0.192 (49.94/260.67) in Spanish against the Mathematics tests with a coefficient of variation
of 0.188 (49.25/261.79). Examining the totals by gender, it is appreciated that female pupils
tend to perform better in Spanish Language than male pupils, who in contrast tend to perform
better in Mathematics. Moreover, male pupils’ performance in Spanish Language tends to
have more variation than female pupils in Spanish and Mathematics and their own
performance in Mathematics. Although the Mathematics and Spanish tests are not directly
comparable, because they entail diverse score estimation procedures, the comparisons here
are only done in terms of variation from the mean, without assuming one-to-one

comparability of tests.

Examining the means by school type, it is observed that the lowest means in Spanish Language
and Mathematics are recorded for those pupils attending State-funded schools (250.83). Pupils
in subsidised independent schools have a higher mean (262.16) than pupils in State-funded
schools, with similar levels of variation for both groups. In contrast, pupils in Independent
schools tend to outperform pupils in other types of schools by far, with a mean of 303.15 and a

lower level of variation.

In the table below, descriptive statistics are reported for the SIMCE tests of Mathematics and
Spanish Language sat by pupils in Year 10 in 2006.
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Table 4.2: Summary of descriptive statistics for the 2006 SIMCE test, by school type and gender

Spanish Language test Mathematics test

School typet Gendert Mean St. Dev. Min. Max. Mean St.Dev. Min. Max.

Female 249.54 49.63 120.43  398.16 | 235.74 60.65 93.96 426.58
State-funded Male 243.97 50.62 120.75 398.16 | 248.18 63.25 93.52 426.58
Total 246.90 50.18 120.43  398.16 | 241.63 62.21 93.52 426.58

Female 265.28 49.05 120.71  453.87 | 255.98 60.15 93.79 426.58
Male 255.31 49.24 120.43  398.16 | 264.53 62.07 93.46 426.58
Total 260.47 49.39 120.43  453.87 | 260.10 61.23 93.46 426.58

Subsidised
independent

Female 312.22 42.03 120.71 398.16 | 324.08 47.63 94,96 426.58
Independent Male 302.71 45.10 120.79  398.16 | 332.75 51.09 93.65 426.58
Total 307.37 43.88 120.71 398.16 | 328.49 49.61 93.65 426.58

Female 262.15 51.37 120.43  453.87 | 252.53 63.59 93.79 426.58
Overall Male 254.62 51.82 120.43  398.16 | 263.49 65.57 93.46 426.58
Total 258.53 51.72 120.43 453.87 | 257.80 64.78 93.46 426.58

T Differences in Mathematics and Spanish scores between types of schools are all significant at the 0.001 level.
T Differences in Mathematics and Spanish scores between male and female pupils are all significant at the 0.001
level.

The patterns observed in the scores achieved in 2006 resemble those recorded in 2004.
Nevertheless, slightly more variability with respect to 2004 is recorded in the Spanish
Language test with a coefficient of variation of 0.2 (51.72/258.53), while in Mathematics, the
increase in variability is more noticeable with respect to the previous occasion with a

coefficient of variation of 0.251 (64.78/257.8).

When examining the patterns in the data according to the gender of pupils, it is observed that
female pupils tend to perform better in Spanish Language and male pupils tend to perform
better in Mathematics (as it also occurred in the 2004 SIMCE tests). This tendency is observed

across all school types.

Consistent with the results obtained in 2004, the scores in 2006 according to school type
follow the same patterns. Pupils in independent schools greatly outperform pupils in
subsidised independent schools and pupils in State-funded schools, whereas pupils in
subsidised independent schools record fairly higher means than pupils in State-funded schools,
with similar levels of variation. In Figure 4.1 below, the distribution of the SIMCE tests scores is

summarised and briefly described.
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Mathematics and Language test scores (2004-2006)
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Figure 4.1: Distribution of the Mathematics and Spanish tests scores, 2004-2006

Figure 4.1 above depicts four box plots to summarise the distribution of pupils' scores in both
occasions of the Mathematics and Spanish Language SIMCE tests. Firstly, it is observed that the
distribution of the scores is much more stable between both occasions of the Spanish
Language test in comparison to the Mathematics tests, which record a more spread
distribution in 2006. The presence of outliers is noted in all tests, except for the Mathematics
test in 2006. In the following graphs, the relationship between the scores on both occasions is

depicted.

Figure 4.2 is a scatter plot of prior attainment (x axis) and subsequent attainment (y axis) in
Mathematics. It is observed that there is a strong relationship between the scores obtained in
the two occasions of the Mathematics test. This justifies empirically the inclusion of prior

attainment as a predictor of (current) pupils' performance in Mathematics.

Examining the relationship between the two maths scores, some differences become
noticeable, based on the type of school which pupils attended in the second occasion.
Independent schools clearly record a higher mean than the other two types of schools and
they tend to be clustered around the higher portion of the scatter plot; however, the slope of
the line of best fit is less steep than in the other school types, which may indicate that pupils in
Independent schools tend to make less progress than other pupils. Nevertheless, the line of
best fit does not account for the clustering in the data and hence this must be interpreted with

caution.
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Mathematics test scores by school type
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Figure 4.2: Relationship between prior and subsequent attainment in Mathematics, by school type

Comparing the scores of pupils in State-funded schools and subsidised independent schools, it
is appreciated that these are much more spread around the whole range of values of the
scatter plot, which is due to the higher variability recorded. It is also observed that scores are
highly similar, since pupils' scores in both types of schools are almost completely overlaid.
When examining pupils' scores in the Spanish tests, very similar patterns are observed. Figure

4.3 depicts this relationship.

As observed in the scatter plot (Figure 4.3), the scores obtained by pupils on both occasions of
the Spanish Language tests are, as expected, highly and positively correlated as they were in
the case of the Mathematics tests. The visual inspection of the relationship between prior and
subsequent attainment in Spanish Language and Mathematics, suggests that schools tend to

have different effects on pupils' outcomes.

According to these initial explorations, the implementation of a multilevel model becomes
highly relevant, not only because of the nested nature of the data, but also because there

seem to be relevant effects at the school level to be analysed.
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Spanish Language test scores by school type
2004-2006 Cohort
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Figure 4.3: Relationship between prior and subsequent attainment in Spanish Language, by school
type

Additionally, variation within schools may need to be analysed more thoroughly, since Chilean
schools routinely implement streaming measures to boost their performance. This is done by
assigning pupils to classes according to their achievement levels. This calls for the necessity of

evaluating the specification of an additional level of variation in the multilevel model, i.e. the

classroom level.

Likewise, variation between schools may also need to be analysed at a macro level, since there
is evidence of regional differences'. Although there are known inter and intra-regional
inequalities concerning the distribution of wealth and resources, this geographical component
of schools' performance has not been greatly explored. In order to address this issue, the

addition of a geographically defined macro-level will be assessed, i.e. the local authority level.

2 ANOVA results indicate that there are highly significant (at the 0.001 level) differences in Mathematics
and Spanish scores between the 13 regions of the country.
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4.3. Analysing school value-added in Mathematics from a multilevel perspective
4.3.1. Where does the variation in Mathematics scores come from? Variance

components models

As outlined in Chapter 3, the first step in this analysis is to specify the most basic multilevel
model. This is the empty model of pupils nested within schools, from which more complex

value-added models are sequentially built up.

As hinted in the section title, the dependent variable in these models is the standardised
Mathematics scores obtained by secondary school pupils in 2006. Table 4.3 shows that the
basic 2-level model of pupils nested within schools is significantly improved by the
specification of the classroom level, which is indicated by a highly significant chi-square
(16,151.7 on 1 degree of freedom) and a lower value for the Akaike Information Criterion (AIC).
Likewise, the addition of yet another level, that is the level of local authorities, produced a
significant improvement to the overall fit of the model, with a chi-square of 175.5 on 1 degree

of freedom and a lower AIC value.

Table 4.3: Summary of the variance components models

Parameter 2-level model 3-level model 4-level model
Fixed part Coef. (s.e.) Coef. (s.e.) Coef. (s.e.)
Intercept 0.018 (0.015) -0.0003 (0.015) -0.138 (0.024)
Random part Variance Variance Variance
Pupil 0.57 0.502 0.502
Classroom -- 0.095 0.095
School 0.51 0.47 0.396
Local Authority - -- 0.069
Log-likelihood -234542.6 -226466.75 -226379
Deviance 469085.2 452933.5 452758
AIC 469091.2 452941.5 452768
Number of parameters 3 4 5
Chi-square (X%) - 16151.7 175.5
Degrees of freedom -- 1 1

N 202,094 202,094 202,094

The addition of an intermediate level, i.e. the classroom level, has reduced the variance of
both adjacent levels, i.e. the pupil level (from 0.57 to 0.502) and school level (from 0.51 to
0.47). This finding is consistent with what Martinez (2012) found for US school data, where the
addition of the classroom level reduced the variance of both the pupil and the school level.
More generally, this is also consistent with Tranmer and Steel (2001), who found, using the UK
census data, that the variance proceeding from an intermediate level was redistributed along

the two adjacent levels when ignored. Meanwhile, the addition of the local authority level has
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further reduced the between-school variance (from 0.47 to 0.396). More importantly, it is

clear from Table 2 that a 2-level model significantly overestimates the overall school effects.

In Table 4.4, the total variance of the empty models for attainment in Mathematics is
decomposed into the different sources of variation, i.e. pupils, classrooms, secondary schools

and local authorities.

Table 4.4: Variance partition coefficients for the 2, 3 and 4-level empty models

Level 2-level model 3-level model 4-level model
Pupil 52.78% 47.10% 47.30%
Classroom -- 8.90% 8.90%
Secondary School 47.22% 44.00% 37.30%
Local Authority - - 6.50%
Total 100% 100% 100%

In Table 4.4, according to the Variance Partition Coefficient (VPC) in the 2-level model, it is
estimated that 47.22% of the total variance is due to the variance between schools. An
alternative interpretation is that the average correlation between two randomly selected
pupils within the same school is expected to be 0.47. This result is yet another way of
demonstrating how a single-level analysis would be severely misleading with a very high intra-
class correlation; thus the implementation of a multilevel model is highly relevant. This result is
also consistent with Munoz-Chereau (2013) who found a between-school variation of 47.3% in

an empty 2-level model for Mathematics attainment in the same cohort of pupils.

This in itself is a remarkable result, since previous research in the United Kingdom has found
that schools only account for between 10% and 20% of the total variation (Leckie, 2009, Leckie
et al., 2010, Rasbash et al., 2010). This is a sign of the massive differences that can be found in

a highly unfair education system, such as the one in Chile.

On another front, the variance partition coefficients for the 3-level model indicate that 44% of
the total variation is due exclusively to the between-school variation, whereas the variation
exclusively explained by the class level is 8.9%. Analysing the combined VPC (i.e. classrooms
and schools), it is appreciated that the class level explains nearly 53% of the total variation.
Another way of interpreting this coefficient is that two randomly selected pupils from the
same class (who consequently belong to the same school) are expected to have an average
correlation of 0.53. This results in an overestimation of the between-school variation by
approximately 7% [i.e. (47.22%-44%)/47.22%*100] and approximately an 11% [i.e. (52.78%-
47.1%)/52.78%*100] in the case of the between-pupil variation
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In turn, in the 4-level model, the variance partition coefficients show that a relevant
proportion of the variation that was believed to be due to between-school variability was
actually due to the variance between Local Authorities (6.5%); whereas the percentage of the
total variation exclusively due to between-school variability is further reduced to a 37.3%. This
means that the school effects had been overestimated approximately by 21%, i.e. (47.22%-

37.3%)/47.22%*100.

These are remarkable findings, since they reveal that Chilean schools have different levels of
performance according to their geographical location. This is most likely due to the Centralism
and the highly unequal distribution and concentration of wealth and resources. The addition of
the variation between local authorities provides another source of contextual information to
this school CVA model, rendering this analysis a geographically and socio-economically
contextualised value-added model, as opposed to the traditional CVA models which are only
socio-economically contextualised. Furthermore, this is certainly an outstanding difference
with respect to what has been found in UK-based research, where Local Authorities only

account for approximately 1% of the total variation (Leckie et al., 2010; Rasbash et al., 2010).

These unconditional models are the starting point of the analysis of pupils' and schools'
performance; however, these models are not truly value-added models, since pupils' progress
is not being measured (Goldstein, 1997). Nevertheless, the specification of the additional
levels of classrooms and local authorities has proved to be successful and hence they will be
maintained in all subsequent models. In the next section, a measure of prior attainment is

specified in order to set up the baseline value-added model.

4.3.2. A baseline model of school value-added in Mathematics

This model is set up by adding prior attainment scores as the only explanatory variable in the
fixed part of the 4-level model. The results are presented below in Table 4.5, which shows that
the inclusion of prior attainment scores produces a drastic reduction of the variance at the
four specified levels. It is also confirmed by the model fit indicators, that this specification is a
significant improvement to the overall fit. The coefficient estimated for prior attainment
indicates that a one standard deviation change in prior attainment is expected to produce a
0.597 standard deviations change in subsequent attainment. Although this result is relevant to
appreciate how highly correlated prior and subsequent attainment are, in terms of school-

value added, this model is unsatisfactory as it is shown next.
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Table 4.5: Variance components model versus raw value-added model

Parameter Empty (VC) model Raw Value-added
Fixed part Coef. (s.e.) Coef. (s.e.)
Intercept -0.138(0.024) -0.043(0.012)
Prior attainment -- 0.597(0.002)
Random part Variance Variance
Pupil 0.502 0.291
School 0.396 0.11
Classroom 0.095 0.039
Local Authority 0.069 0.012
Log-likelihood -226379 -165840
Deviance 452758 331679.8
AIC 452768 331691.8
Number of parameters 5 6
Chi-square (X%) - 121078.2
Degrees of freedom -- 1

N 202,094 197,227

Inspecting the school-level residuals estimated from this raw value-added model, it is observed
that the raw school value-added estimates seem to be highly correlated with the raw school
average attainment scores. This is depicted in Figure 4.4, which is a scatter plot of the
estimated school value-added scores against the prior attainment scores averaged at the
school level. As other authors have shown (Ferrdo & Goldstein, 2009; Goldstein et al., 2007),
this is indeed the result of a misspecification bias, which calls for the necessity of including

variables to assess underlying differential school effects (Foley & Goldstein, 2012).

-2 -1 0 1 2
School prior attainment average

R-squared=0.5204

Figure 4.4: Relationship between schools' prior attainment averages and raw value-added estimates

Figure 4.4 shows that the correlation between school prior attainment average scores and

their respective raw value-added estimates is clearly not negligible, as there is an obvious
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pattern where schools serving pupils with higher prior attainment tend to have also higher
value-added estimates. This correlation can be thought of as a consequence of positive school-
level peer effects and/or selection bias. School peer effects arise when pupils are benefited
from a favourable school environment in which pupils perform well, and hence influence other
pupils to also perform well. On the other hand, selection bias arises because high-attainers
attend high-attending schools. Both biases can be controlled by several specifications. As
mentioned in chapter 3, school selectivity is controlled (at least partially) via pupils' prior
attainment and year repetition. School average prior attainment has been used in previous
research to control for peer effects; however, this is not done in this chapter, as it is shown
that controlling for school and pupil socio-economic characteristics reduces this correlation
considerably, which renders it not problematic. Additionally, Goldstein et al. (2007) have
shown that this misspecification problem can be remedied by specifying random coefficients
for prior attainment at the higher levels as well as by adding other contextual (school-level)

explanatory variables, as it will be seen later in this chapter.

4.3.3. A contextualised value-added model for progress in Mathematics

Adding pupil-level explanatory variables to the fixed part of the CVA model

As described in the analysis strategy of chapter 3, after specifying the raw value-added model,
the explanatory variables at the level of pupils are to be included in the model as the first step
to allow for the value-added to have a contextualised form. Only the pupil-level variables are
added first to control for compositional effects in the estimated school value-added measures.
The variables that were added in this step are: gender, average monthly household income

and year repetition.

From the addition of these variables, it is learned that the effect of prior attainment is only
slightly reduced from 0.597 to 0.589; however, the significance of the interaction effects
renders this main effect less relevant to interpret. As it will be appreciated in subsequent
models, this effect is always the largest and only varies slightly. The addition of these
individual-level variables significantly improves the overall fit of the model, with a reduction of
the deviance of 28,777.65 on 5 degrees of freedom with respect to the raw value-added model

presented previously. This model is presented in Table 4.6.

Given that significant effects were found for interactions involving all the explanatory variables,
the main effects of the fixed part of the model are not to be interpreted in their own right, but
in combination with the variables where the interactions have been found to be significant. For

instance, the main effect of gender is significant although it varies by year repetition, income
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and prior attainment. Likewise, the main effect of year repetition is also significant but

moderated by gender and prior attainment.

Regarding the interaction effects, it is observed that the effect of prior attainment varies
significantly according to gender, being held back and household income. In the case of gender,
it can be appreciated that male pupils make slightly less progress than female pupils, or in
other words, the relationship between prior and subsequent attainment in Mathematics has a
steeper slope in the case of female pupils. As it will be seen later on in this chapter, this
relationship holds even when controlling for all the variables in the full model and is depicted
for easier interpretation in Figure 4.7, where it can be observed that male pupils appear to be

more advantaged than female pupils, but the gap decreases as prior attainment increases.

Table 4.6: Fixed and random effects for the CVA model with pupil-level explanatory variables only

Fixed Part Coef. S.E. z P>z 95% Conf. Interval
Main effectst

Intercept -0.072 0.011 -6.545 0.000 -0.094 -0.050
Prior attainment 0.589 0.003 196.333  0.000 0.583 0.595
Male 0.074 0.004 18.500 0.000 0.066 0.082
Low-mid income 0.027 0.004 6.750 0.000 0.019 0.035
Up-mid income 0.05 0.007 7.143 0.000 0.036 0.064
High income 0.079 0.01 7.900 0.000 0.059 0.099
Held back -0.269 0.009 -29.889  0.000 -0.287 -0.251
Interaction effectst

Prior attainment & Male -0.012 0.003 -4.000 0.000 -0.018 -0.006
Prior attainment & Low-mid income 0.015 0.003 5.000 0.000  0.009 0.021
Prior attainment & Up-mid income 0.025 0.005 5.000 0.000 0.015 0.035
Prior attainment & High income 0.026 0.006 4.333 0.000 0.014 0.038
Prior attainment & Held back -0.08 0.005 -16.000 0.000 -0.090 -0.070
Male & Low-mid income -0.013 0.006 -2.167 0.030 -0.025 -0.001
Male & Up-mid income -0.019 0.009 -2.111 0.035 -0.037 -0.001
Male & High income 0.001 0.011 0.091 0.928 -0.021 0.023
Male & Held back 0.078 0.009 8.667 0.000 0.060 0.096
Low-mid income & Held back 0.013 0.011 1.182 0.237  -0.009 0.035
Up-mid income & Held back 0.017 0.019 0.895 0.371 -0.020 0.054
High income & Held back 0.018 0.024 0.750 0.453 -0.029 0.065
Random part Variance S.E. 95% Coverage int.
Level 4: Local Authority 0.009 0.002 -- -- 0.005 0.014
Level 3: School 0.099 0.004 - - 0.091 0.106
Level 2: Classroom 0.037 0.001 - - 0.035 0.039
Level 1: Pupil 0.286 0.001 - - 0.283 0.287
Log-likelihood -151253.37

Deviance 302506.73

AIC 302552.73

Number of parameters 23

Chi-square (X%) 29173.069

Degrees of freedom 17

N 181,867

+ Reference categories: Female; Low income and Not held back.
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In the case of year repetition, being held back diminishes the effect of prior attainment and
thus pupils who have been held back in primary school are expected to make less progress
than pupils who have not been held back. Gender also significantly interacts with year
repetition. When comparing males and females who have been held back in one or more years,
it is observed that boys do significantly better than girls, and hence the negative effect of being

held back is greater for girls.

With respect to the interaction terms for the effects of household income and gender, it is
observed that the differences between boys and girls significantly vary by the level of income
of the household. Male pupils in lower-middle and upper-middle income households are
expected to make significantly less progress than female pupils in the same type of households
and male pupils in the lowest-income households. Nevertheless, boys and girls in the highest-
income households do not significantly differ from each other; neither do they differ from
pupils in the lowest-income households. Finally, this model estimates that the effect of year
repetition does not differ significantly across income groups, and hence, it is removed from the

final model.

Regarding the random part of the model, it is appreciated that all variances have suffered
some reductions with respect to the raw value-added model in Table 4.5. In combination with
the reductions recorded in the raw value-added model with respect to the gross school effects
model (variance components model in Table 4.5), it can be asserted that a great proportion of
the total variance is due to pupil-level variables. From the perspective of the secondary schools,
it is observed that most of the initially recorded school effects in the empty model are not

actually due to the schools themselves, but to individual characteristics and abilities of the
pupils.

In the next section, the effects of the school-level variables are to be estimated, whilst keeping
the effects of the significant pupil-level variables and their interactions to avoid confounding

by compositional effects. This is done with the purpose of estimating more precise school

value-added estimates, where the effects of non-malleable school factors are removed.

Adding school-level explanatory variables to the fixed part of the CVA model

In this step, the school-level variables are added to the fixed part of the CVA model. Since all
effects (main and interactions) are assumed to be fixed at this point, this contextualised value-
added model constitutes a random intercepts model, which is similar to the approach adopted
by the UK Department for Education and Skills until 2011 (Leckie & Goldstein, 2009; Ray, 2006).

The fixed part of the model is presented in Table 4.7.
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As observed in the previous step when adding the individual-level explanatory variables,
several interaction effects were found to be significant, which renders the interpretation of the
main effects on their own unimportant. Meanwhile, school-level effects have not been allowed

to interact and hence their main effects can be interpreted in their own right.

Table 4.7: Fixed effects of the random intercepts CVA model

Fixed Part Coef. S.E. z P>z 95% Conf. Interval
Main effectst

Intercept -0.319 0.015 -21.267 0.000 -0.348 -0.290
Prior attainment 0.587 0.003 195.667 0.000 0.581 0.593

Male 0.075 0.004 18.750 0.000 0.067 0.083

Low-mid income 0.019 0.004 4,750 0.000 0.011 0.027

Up-mid income 0.031 0.007 4.429 0.000 0.017 0.045

High income 0.038 0.01 3.800 0.000 0.018 0.058

Held back -0.267 0.009 -29.667 0.000 -0.285 -0.249

Lower-middle SES 0.113 0.018 6.278 0.000 0.078 0.148

Middle SES 0.319 0.02 15.950 0.000 0.280 0.358

Upper-middle SES 0.543 0.024 22.625 0.000 0.496 0.590

Upper SES 0.718 0.045 15.956 0.000 0.630 0.806

Subsidised independent 0.057 0.015 3.800 0.000 0.028 0.086

Independent 0.029 0.041 0.707 0.479 -0.051 0.109

Interaction effectst

Prior attainment & Male -0.012 0.003 -4.000 0.000 -0.018 -0.006
Prior attainment & Low-mid 0.014 0.003 4.667 0.000 0.008 0.020

Prior attainment & Up-mid 0.022 0.005 4.400 0.000 0.012 0.032

Prior attainment & High 0.022 0.006 3.667 0.000 0.010 0.034

Prior attainment & Held back -0.079 0.005 -15.800 0.000 -0.089 -0.069

Male & Low-mid income -0.012 0.006 -2.000 0.046 -0.024 -0.0002
Male & Up-mid income -0.018 0.009 -2.000 0.046 -0.036 -0.0004
Male & High income 0.002 0.011 0.182 0.856 -0.020 0.024

Male & Held back 0.077 0.009 8.556 0.000 0.059 0.095

Low-mid income & Held back 0.012 0.011 1.091 0.275 -0.010 0.034

Up-mid income & Held back 0.013 0.019 0.684 0.494 -0.024 0.050

High income & Held back 0.008 0.024 0.333 0.739 -0.039 0.055

+ Reference categories: Female; Low income; Not held back; State-funded school and Low school SES.

Regarding the school-level variables, it is appreciated that pupils in schools with a low overall
socio-economic status (the reference SES category) are expected to perform significantly
worse than all other pupils in higher SES schools. More importantly, it is found in this model

that state-funded schools do not differ significantly from independent schools.

Analysing the main effects of the fixed part, it is observed that the effects of the pupil-level
variables remain almost unchanged, except for minor differences in some coefficients, while

significance is the same.

Table 4.8: Random effects of the random intercepts CVA model

Random part Variance S.E. 95% Coverage int.
Level 4: Local Authority 0.005 0.001 0.003 0.007
Level 3: School 0.054 0.002 0.050 0.058
Level 2: Classroom 0.037 0.001 0.035 0.039
Level 1: Pupil 0.285 0.001 0.283 0.287
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Table 4.8 shows that the variance components of the CVA model have been reduced when
comparing with the random part of the previous models. This is especially noticeable for the
case of the school-level variance, which has been reduced from 0.11 as estimated in the raw
value-added model (Table 4.5) to 0.054 with the random intercepts contextualised value-

added model.

Table 4.9: Model fit comparison between CVA model with level 1 and level 3 explanatory variables

Parameter CVA model with level 1 variables CVA model with level 2 variables
Log-likelihood -151253.37 -150682.8

Deviance 302506.73 301365.6

AIC 302552.73 301423.6

Number of parameters ’3 29

(k)

Chi-squared (X’) - 1163.993

Degrees of freedom -- 6

N 181,867 181,867

In Table 4.9, it can be seen that the model with school-level variables produced a significant
reduction of the deviance of 1,141.13 on 6 degrees of freedom with respect to the previous
model that included pupil-level explanatory variables only. The value of the Akaike Information

Criterion (AIC) is also consistent with the conclusion that this is a better-fitting model.

Although these results are all relevant contributions for explaining pupils' progress in
Mathematics and school value-added, this model is still unrealistic, since it does not account
for differences in prior achievement at the higher levels of the structure. As other authors have
pointed out (Goldstein et al., 2007; Leckie et al., 2010; Leckie, 2009), the complexity of the
network of effects on pupils' performance has not been traditionally taken into account in
educational research and government policy, which can be misleading since school effects are

usually overestimated in simpler models.

A more realistically complex approach to analyse pupils' performance and school value-added
includes specifying random coefficients for those covariates that are reasonably believed to
vary randomly across the higher levels. In this chapter, random coefficients for prior
attainment and gender of the pupils have been specified at all the higher levels of the

structure. In the next section, the details of this procedure are presented.

Does the relationship between gender and prior and subsequent attainment vary

across classrooms, schools and local authorities?

In this part of the analysis, prior attainment and gender of pupils were allowed to vary
randomly at the higher levels of the model. This was done one at a time, at each level, i.e.
classrooms, secondary schools and local authorities. The significance of the specification of
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each random coefficient was assessed by contrasting the resulting deviance and AIC of each
model including the specific random coefficient specification to be tested with the deviance

and AIC of the previous model, i.e. the random intercepts CVA model (Tables 4.7, 4.8 and 4.9).

The substantive relevance of this specification lies in its potential for assessing differential
school effects for diverse groups of pupils. For instance, the inclusion of a random variation
component for pupils' prior attainment at the level of secondary schools allows identifying
schools that have shallower (or steeper) than average rates of progress. In the same way,
specifying a random coefficient for gender of pupils (more specifically for boys), allows
identifying secondary schools that do worse for girls than boys (or vice versa). All this
information is potentially useful and can be explored further with qualitative research or

school inspection.

The first random coefficient specification is prior attainment in Mathematics. This random
coefficient produced significant improvements to the overall fit of the model when specified at
each higher level and hence six random effects were added to the CVA model, i.e. the variance
of the slope residuals for prior attainment at the levels of classrooms, schools and local
authorities, and their corresponding covariance terms associated with the variance terms of
each random intercept at the specified levels. The second further random coefficients
specification is the addition of the variance components for the gender of pupils at all the
higher levels of the structure. This produced a total of nine additional random-effects
parameters, i.e. the variance of male pupils at the levels of classrooms, secondary schools and
local authorities, along with the covariance between those variance terms and the variance
terms for the intercept and prior attainment at all levels. In Table 4.10, for the sake of
simplicity, only the random part of the model is presented, since the fixed part remained
mostly unchanged with respect to the random intercepts CVA model (Table 4.7), except for
negligible differences. Detailed results of the fixed part of this model can be found in Appendix

1.1.

In Table 4.10, neither the variance nor the covariance terms can be interpreted separately at
any level, except for the pupil-level, which only has an intercept variance. Having noted that, it
is best to give more attention to the correlations estimated for the variance terms at each level.
At the level of the local authorities, the correlation between the intercept and the random
coefficient for male pupils is -0.532, which indicates that the higher the local authority
intercept, the less steep is male pupils' progress. In turn, the correlation between the intercept
and the slope for prior attainment is very high (0.842), which indicates that the higher the
intercept for a particular local authority, the steeper the slope of prior attainment. The

correlation between the random coefficient for male pupils and the slope of prior attainment
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is -0.576, which indicates that the bigger the difference between males and females in a

particular local authority, the less pronounced the slope for prior attainment.

At the secondary school level, the correlation coefficient between the random coefficient for
male pupils and the intercept is 0.345, which indicates that the higher the intercept of a
particular school, the steeper is male pupils' progress in comparison to female pupils, although
this is not a strong relationship. With regard to the correlation between the intercept and the
slope for attainment, the relationship is not too strong (0.140); however, it does indicate that
schools with high intercepts tend to have slightly steeper slopes for attainment. Finally, the
correlation between the random coefficient for male pupils and the slope for prior attainment

is rather weak (-0.079), and hence not too meaningful.

Table 4.10: Random effects of the random coefficients CVA model without cross-level interaction
effects.

Parameter Estimate S.E. Correlation 95% Coverage int.

Level 4: Local Authority

Variance (Intercept) 0.006 0.002 - 0.003 0.009
Covariance (Prior attainment, Intercept) 0.002 0.0004 0.842 0.001 0.002
Variance (Prior attainment) 0.001 0.0002 -- 0.0002 0.001
Covariance (Male, Intercept) -0.0003 0.0004 -0.532 -0.001 0.0004
Covariance (Male, Prior attainment) -0.0001 0.0001 -0.576 -0.0004 0.0001
Variance (Male) 0.0001 0.0002 - -0.0003 0.0004
Level 3: School

Variance (Intercept) 0.054 0.003 -- 0.049 0.059
Covariance (Prior attainment, Intercept) 0.002 0.001 0.140 0.0005 0.003
Variance (Prior attainment) 0.003 0.0003 -- 0.002 0.004
Covariance (Male, Intercept) 0.003 0.001 0.345 0.001 0.005
Covariance (Male, Prior attainment) -0.0002 0.0004 -0.079 -0.001 0.001
Variance (Male) 0.001 0.001 -- 0.00005 0.003
Level 2: Classroom

Variance (Intercept) 0.039 0.001 -- 0.036 0.041
Covariance (Prior attainment, Intercept) 0.004 0.001 0.303 0.003 0.005
Variance (Prior attainment) 0.004 0.0004 -- 0.003 0.005
Covariance (Male, Intercept) -0.004 0.001 -0.182 -0.006 -0.002
Covariance (Male, Prior attainment) -0.0001 0.001 -0.021 -0.001 0.001
Variance (Male) 0.011 0.001 -- 0.008 0.013
Level 1: Pupil

Variance (Intercept) 0.278 0.001 -- 0.276 0.280

At the level of classrooms, the correlation between the random coefficient for boys and the
intercept is -0.182, which is not too strong; nevertheless, it does seem to indicate that the
higher the intercept of a given classroom the more similar the progress of male and female
pupils. With respect to the relationship between the slope for attainment and the intercept,

the correlation is 0.303, which would be indicating that the higher the intercept of a classroom,
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the steeper the slope for prior attainment. As noted at the level of schools, the correlation
between the random coefficients for prior attainment and gender is very weak (-0.021) and

therefore negligible.

In Table 4.11 below, it can be observed how this random coefficients CVA model has

significantly improved the overall fit in comparison to the random intercepts CVA model.

Table 4.11: Model fit comparison between random intercepts CVA model and random coefficients
CVA model

Parameter RI-CVA model RC-CVA model
Log-likelihood -150671.37 -150192.42
Deviance 301342.74 300384.83
AIC 301410.74 300466.83
Number of parameters (k) 29 41
Chi-squared (X3 - 957.91
Degrees of freedom (df) -- 12

N 181,867 181,867

Although this model represents a significant improvement, the significance of the variance
components for prior attainment and gender makes the existence of significant cross-level
interactions effects plausible. The next model is the full random coefficients contextualised
value-added model, where cross-level interaction effects are estimated along with all the

specifications made up to this point.

4.3.4. An extended random coefficients CVA model: Full model including cross-level

interaction effects

When interacting prior attainment with the school level variables, i.e. institutional type and
school SES, significant coefficients were estimated. On the contrary, none of the cross-level
interaction terms between gender and the school-level variables turned out to be significant,
and hence, they were removed from the final model. Detailed results of this sub-step can be
inspected in Appendix 1.3. Results from the full final CVA model for Mathematics progress are

presented in detail below in Table 4.12.

In Table 4.12, it is observed that the main effects of the fixed part have remained mostly
unchanged, while significance does not vary with respect to the previous models. Regarding
the interaction effects of the fixed part, these remain unchanged with respect to the previous
models, with the exception of the interaction between prior attainment and income, which
was removed from the final model, since none of the coefficients were significant. Detailed
results can be inspected in Appendix 1.2. This is presumably the effect of specifying the cross-
level interaction between prior attainment and school SES, where significant differences were
found. This could be said to imply that the schools' socio-economic sorting plays a more

important role than the pupils' own socio-economic background.
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With regard to the cross-level interaction effect between school SES and pupils' prior
attainment, it is found that the effect of prior attainment is more pronounced for pupils in
middle and upper-middle SES schools than for their counterparts in low SES schools.
Meanwhile, the effect of prior attainment did not turn out to be significantly different
between low SES schools, lower-middle SES schools and upper SES schools. This implies, for
instance, that a pupil with low prior attainment will be better off at a middle SES or an upper-
middle SES school, whereas they would make the same expected progress in Mathematics in

either a low SES, a lower-middle SES or an upper SES school.

Table 4.12: Fixed effects of the full CVA model

Main effectst Coef. S. E. z P>z 95% Conf. Int.

Intercept -0.316 0.015 -20.531 0.000 -0.346 -0.286
Prior attainment 0.582 0.006 96.109 0.000 0.571 0.594
Male 0.064 0.004 17.497 0.000 0.057 0.071
Lower-middle income 0.012 0.003 3.665 0.000 0.006 0.018
Upper-middle income 0.024 0.005 4.547 0.000 0.013 0.034
High income 0.041 0.008 5.354 0.000 0.026 0.056
Held back -0.258 0.008 -33.457 0.000 -0.273  -0.243
Lower-middle SES 0.113 0.018 6.184 0.000 0.077 0.149
Middle SES 0.330 0.021 15.923 0.000 0.290 0.371
Upper-middle SES 0.549 0.025 22.257 0.000 0.501 0.597
Upper SES 0.746 0.047 15.963 0.000 0.654 0.838
Subsidised independent 0.063 0.015 4.144 0.000 0.033 0.093
Independent 0.027 0.043 0.627 0.531 -0.058 0.112
Interaction effectst Coef. S.E. z P>z 95% Conf. Int.

Prior attainment & Male -0.011 0.003 -3.651 0.000 -0.017 -0.005
Prior attainment & Held back -0.067 0.005 -12.965 0.000 -0.077 -0.057
Male & Held back 0.081 0.009 8.996 0.000 0.064 0.099
Prior attainment & Lower-middle SES 0.0003 0.007 0.046 0.963 -0.013 0.014
Prior attainment & Middle SES 0.044 0.008 5.678 0.000 0.029 0.059
Prior attainment & Upper-middle SES 0.049 0.010 5.105 0.000 0.030 0.067
Prior attainment & Upper SES 0.017 0.020 0.834 0.404 -0.023 0.056
Prior attainment & Subs. independent 0.013 0.005 2.514 0.012  0.003 0.024
Prior attainment & Independent 0.021 0.019 1.139 0.255 -0.015 0.058

t Reference categories: Female; Low income; Not held back; State-funded school and Low school SES.

In turn, when inspecting the estimated coefficients for the cross-level interaction effect
between pupils' prior attainment and school type, it is found that the effect of prior
attainment is more pronounced for pupils in subsidised independent schools in comparison to
pupils in state-funded schools. This would imply for instance that a pupil with low prior
attainment would be better off in a subsidised independent schools, were their parents able to
afford any fees (should there be in place in that particular school), i.e. the pupil would progress

more in Mathematics. More interestingly, independent schools with the same level of prior
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attainment of State-funded schools are not expected to differ significantly in subsequent tests;
which would imply that independent schools do not significantly add value to their pupils'

educational trajectories in Mathematics when comparing them to State-funded schools.

From the analysis of both cross-level interaction effects, it is apparent that the advantage of
attending an independent school does not reside in the potential progress that pupils would
make, should they be able to afford the fees, neither in the alleged socio-economic advantages
of attending a school with pupils in the same social stratum. It seems more likely that
independent schools take advantage of their ability to shape their pupil intake. In simpler
terms, given that independent schools are allowed to select the most able pupils, their
attainment in subsequent tests is high, but pupils do not make more progress than what they

would be expected to make, if they attended a State-funded school.

In table 4.13 below, the estimated random effects of the full CVA model are presented. These
random effects do not differ meaningfully from the random effects estimated for the model

without cross-level interactions (Table 4.10).

Table 4.13: Random effects of the full CVA model

Parameter Estimate S.E. Correlation 95% Coverage int.

Level 4: Local Authority

Variance (Intercept) 0.007 0.002 -- 0.004 0.011
Covariance (Prior attainment, Intercept)  0.002 0.001 0.896 0.002 0.003
Variance (Prior attainment) 0.001 0.0002 -- 0.001 0.001
Covariance (Male, Intercept) -0.0004 0.0004 -0.464 -0.001 0.0005
Covariance (Male, Prior attainment) -0.0001 0.0002 -0.358 -0.0004 0.0002
Variance (Male) 0.0001  0.0002 - -0.0003 0.0005
Level 3: School

Variance (Intercept) 0.053 0.003 -- 0.048 0.058
Covariance (Prior attainment, Intercept)  0.001 0.001 0.111 0.00002 0.003
Variance (Prior attainment) 0.002 0.0003 -- 0.002 0.003
Covariance (Male, Intercept) 0.003 0.001 0.354 0.001 0.005
Covariance (Male, Prior attainment) -0.0001 0.0003 -0.039 -0.001 0.001
Variance (Male) 0.001 0.001 -- 0.0001 0.003
Level 2: Classroom

Variance (Intercept) 0.039 0.001 - 0.037 0.042
Covariance (Prior attainment, Intercept)  0.004 0.001 0.315 0.003 0.005
Variance (Prior attainment) 0.004 0.0004 - 0.003 0.005
Covariance (Male, Intercept) -0.004 0.001 -0.181 -0.006 -0.002
Covariance (Male, Prior attainment) -0.0001 0.001 -0.019 -0.001 0.001
Variance (Male) 0.011 0.001 -- 0.008 0.013
Level 1: Pupil

Variance (Intercept) 0.278 0.001 - 0.276 0.280
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Highlighting key aspects of the estimated random effects for the full model, it can be asserted
that at the level of schools, male pupils are expected to make more progress than female
pupils when the school they attend has a higher intercept. In other words, high-achieving
secondary schools are more effective for boys than for girls. Nevertheless, the correlation
recorded for this relationship is only moderate. On the other hand, the effect of prior
attainment is greater when the intercept of a particular secondary schools is higher, or in
simpler terms, high-achieving secondary schools tend to make their pupils progress slightly
more. Nevertheless, this is not a strong pattern whatsoever; it is indeed weaker than the
relationship between being male and the school intercept. Finally, the effects of prior
attainment and gender seem to be rather weakly correlated, indicating that high achievers
tend to make more progress regardless of their gender and that male pupils tend to do better

in Mathematics, regardless of their prior level of attainment.

Using the baseline raw value-added model (Table 4.5), it is possible to estimate a measure of
the explanatory power for progress in Mathematics. It is found that this random coefficients
CVA model accounts for 50.91%" of the variation in Mathematics progress at the school level,
while only a 4.47%" of the variance at the pupil level™. One very likely possibility is that there
are other relevant effects related to the characteristics of the pupils, their family backgrounds
and their schools, which have not been controlled for yet in this model. In chapter 6, the
effects of a latent variable representing cultural capital will be analysed in more detail, as a
way to explore pupils' heterogeneity further and to search for alternative internal school

accountability measures.

With respect to the empty model (Table 4.5), the full CVA model has a higher proportion of
variance explained at all levels. In the case of the pupil-level variance, this has been explained
in a 44.62%"°. The variance of the classroom has been explained in a 61.05%"". The variance
between secondary schools has been accounted for in an 86.36%™. Lastly, the variance
between local authorities has been explained in a 92.75%". The difference between the

variance explained at all levels with respect to the empty model and the raw value-added

'3 This is calculated in the following way: [(0.11-0.054)/0.11]*100. Given the presence of the random
coefficients, the total school-level variance depends also on prior attainment and gender of the pupils.
This is why the school-variance of the full model has not been used for this procedure; the value used
corresponds to the school variance of the random intercepts model of Table 4.8.

% This is calculated in the following way: [(0.291-0.278)/0.291]*100.

" The variance accounted for at the local authority level is 58.33%, while the variance at the classroom
level has only been accounted in a 5.13%. This is by no means a concern, since the aim of this research is
set at the school and pupil level and hence, these random effects should only be checked for meeting
model assumptions.

'® This indicator is calculated as follows: [(0.502-0.278)/0.502]*100

Y This indicator is calculated as follows: [(0.095-0.037)/0.095]*100

'8 This indicator is calculated as follows: [(0.396-0.054)/0.396]*100

' This indicator is calculated as follows: [(0.069-0.005)/0.069]*100
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model seems to imply that a great deal of the variation in Mathematics scores is highly
dependent upon prior attainment. Once prior attainment is accounted for (raw value-added
model), the remaining variation is deemed to be low, especially at the levels of local

authorities and classrooms.

Not surprisingly, Table 4.14 shows that the full CVA model including cross-level interaction
effects is indeed a better-fitting model than the previous CVA model presented. The CVA
model without cross-level interactions is only displayed in relation to its random effect in Table
4.10 (fixed-effects parameters are available in Appendix 1.1), while the CVA model with cross-

level interaction effects is shown in Table 4.12.

Table 4.14: Model fit comparison between CVA model with and without cross-level interaction effects

CVA without cross- CVA with cross-level

Parameter . . . .

level interactions interactions
Log-likelihood -150192.42 -150151.37
Deviance 300384.83 300302.74
AIC 300466.83 300384.74
Number of parameters (k) 41 41
N 181,867 181,867

The likelihood ratio test cannot be computed from this model fit comparison since the number
of parameters is the same; nevertheless, both models are indeed different insofar as the cross-
level interaction effects of the full model override the estimated coefficients for two pupil-
level interaction effects that were significant previously. The values of the log-likelihood and
deviance are displayed for reference only, while the truly relevant statistic to focus on is the
AIC, which shows that the full CVA model does improve the overall fit when compared to the

CVA model without the cross-level interaction effects.

In the next section, some of the practical implications of the estimated full CVA model will be

analysed.

4.3.5. A practical application of the extended CVA model to inform school

performance

After arriving to a satisfactory CVA model, where school effects are controlled for a number of
explanatory variables and identified or isolated from random effects at other levels, the
analysis turns to examine school value-added more thoroughly in terms of its practical
usefulness. The first step is to check whether residuals at all levels meet the assumption of
normality, which can be consulted in Appendix 5. Residuals at the school level (i.e. school

effects) are considered to be approximately normally distributed.
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Having ascertained that assumptions are met after the specification of the extended 4-level
CVA model, a reasonable question arises regarding the necessity of the specified complexity.
Traditional 2-level CVA models have been around for decades and have been used extensively
with the purpose of informing school accountability, and hence, their usefulness is proved.
This begs the question of how this extended CVA model contributes to making fairer and/or
more precise school comparisons. To address this question, a 2-level CVA model was fitted
with the same specifications of the full 4-level CVA model, except for the specification of the
random effects at the levels of the classrooms and the local authorities. Both models do not
differ greatly in terms of the fixed-effects parameters; however, the random parts have
important differences, which are obviously related to the diverse specifications of the number
of levels as also seen in Tables 4.3 and 4.4. A more detailed comparison of the coefficients of
both models can be found in Appendix 1.4.

a) Ranking of school CVA scores b) Ranking of school CVA scores
in a 24evel model with 95% confidence intervals in a 4devel model with 95% confidence intervals

Estimated school e fiects
Estimated school e flects

15

o 500 1000 1500 2000 2500 ] 500 1000 1500 2000 2500
Schoolranking in & 2-level OV A model Schocl rarking in 8 4level CVA model

Mote: The reference line at 0in the Y-axis of both figures represents the national average. A school is
different from the mean when its 95% Cl does not overlap with this reference line

Figure 4.5: Comparison of school performance rankings based on CVA scores derived from a 2-level
model and a 4-level model

As pointed out in Chapter 3, residual point estimates and their corresponding standard errors
are useful in multilevel models to make comparisons between the effect of the higher level
units and the overall average. School residuals and their corresponding confidence intervals
are estimated by using the shrunken residuals formulae described by Goldstein (Goldstein,
2011), extended to the 4-level model case. Since the residual point estimates at the school
level are said to represent the amount of value-added that schools have in comparison to
others and considering that the model assumes that the overall average is equal to zero, when
estimating 95% confidence intervals with their estimated standard errors, one is also analysing
whether the effect of a particular school on its pupils is significantly above the overall mean or

national average, in the case of this research. In Figure 4.5 above, a comparison is depicted
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between the school performance measures derived from the traditional 2-level CVA model

and the extended 4-level CVA model.

In Figure 4.5, the x axis represents the rank of the schools according to their residual point
estimates, plotted in the y axis. Furthermore, the bars represent 95% confidence intervals and
the line across the y axis at 0 represents the national average progress in Mathematics. It can
be appreciated that the estimated CVA scores for the Chilean schools analysed in this chapter
vary greatly according to the model that is fitted. In the case of the traditional CVA model
(Figure 4.5a, left), it is observed that there is a larger number of schools performing
significantly below or above the national average. In contrast, with the extended CVA model
(Figure 4.5b, right), the number of average-performing schools is remarkably larger.
Movements in the rankings are also large when using the 4-level model compared with the 2-
level model. From a total of 2,429 secondary schools, 24% of them moved at least 100 places
upwards in the ranking table derived from the 4-level model with respect to the ranking table
from the 2-level model. These differences are somewhat difficult to visualise in these
populated plots, and hence they are explored in more depth in Table 4.15.

4.15: Comparison of school classifications in the traditional 2-level CVA model and the extended 4-
level CVA model

Extended CVA model

Traditional CVA model Below average Average Above average  Total Percentaget
Below Average 237 323 0 560 22.92%
Average 4 1,247 1 1,252 51.25%
Above average 0 389 242 631 25.83%
Total 241 1,959 243 2,443 100%
Percentaget 9.86% 80.19% 9.95% 100%

Note: The diagonal shows the agreement between the models. 1,726 (70.65%) schools remain in the same
category. The correlation between school effects estimates from both models is 0.964.

T Within extended CVA model classifications

¥ Within traditional CVA model classifications

Based on whether the confidence interval of a school CVA estimate overlaps or not with the
national average, a simple 3-level classification can be derived: 1) schools below the national
average; 2) average schools; and 3) schools above the national average. In Table 4.15, the
classifications derived from the traditional CVA model (2-level model) and the extended CVA

models (4-level model) are presented for comparison.

With the traditional model, 51.25% of schools are classified as average compared to 80.19%
classified as average when using the extended CVA model. In the 2-level model, 25.83% of
schools are found to outperform the national average, while 22.92% perform below the
national average. In a 4-level model, these results are 9.95% and 9.86%, respectively. On

another front, both models agree on 70.65% of the school classifications as noted in Table 4.15.
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This shows that there are considerable differences in the way in which schools are classified
between the traditional CVA model and the extended CVA model. One could argue that the
traditional model misclassifies a large proportion of schools at both ends of the distribution,
and hence, it is misleading, but, naturally, there are two sides to this argument. On the one
hand, at the lower end of the distribution, many schools are unfairly classified as below
average when using a 2-level model, whereas they might be considered as average when using
a 4-level model. On the other hand, at the higher end of the distribution, many schools that
could be considered as above average in a 2-level model, are classified as average in a 4-level

model.

As mentioned in Chapter 2, the main concern of a school accountability system should be
fairness to all schools (See for example: Fitz-Gibbon, 1997; OECD, 2008), which implies that
schools should ideally be assessed based only on the circumstances over which they have
control. Since there is strong evidence of geographical differences (as seen in Table 4.3),
holding everything else in the models constant, one should be inclined to regard the
classifications derived from the extended CVA model as fairer than the classifications derived
from the traditional CVA model. In sum, these results show that the way in which a CVA model
is specified is a sensitive matter, which can have significant policy implications when reporting

back to diverse stakeholders.

A closer examination of differential school effects

Previously, it has been shown that the school effects estimated from a raw value-added model
(section 4.3.2), i.e. controlling for prior attainment only, are severely biased. It was observed
that schools serving the initially highest achievers were the ones that obtained the highest CVA
estimates (Figure 4.4). In Figure 4.6 below, it is shown how the extended 4-level CVA model
effectively reduces this bias, providing a more reliable set of indicators of schools' value-added

and pupils' progress in Mathematics.

Figure 4.6 depicts the relationship between the estimated school residuals from the full 4-level
CVA model and the school averages in the previous occasion of the Mathematics tests. It is
appreciated that even though there is a somewhat upwards trend, the average prior
attainment of a school is not a strong predictor of the school effects estimated in the CVA
model. This picture differs considerably from the one presented previously (Figure 4.4.), where
raw value-added estimates were indeed more strongly correlated with the school average

prior attainment in Mathematics.
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Figure 4.6: Relationship between school prior attainment averages and contextualised value-added
estimates

Despite the fact that the correlation shown in Figure 4.6 is not a huge concern in terms of bias
of the estimated school effects towards those with higher prior attainment, there still remain
other sources of differential school effects across schools, which were specified in the full
model to explore more thoroughly. Previously in Chapter 2, it was mentioned that
contextualised value-added models can be useful to explore differential school effects. This is
achieved by specifying random coefficients for pupil-level explanatory variables at the level of

secondary schools as described in step 5 of the analytical strategy (section 3.7.2) of Chapter 3.

Figure 4.7 depicts the relationship between prior and subsequent attainment after controlling
for all the variables in the 4-level random coefficients CVA model. It is appreciated here, that,
caeteris paribus, the differences in scores of male and female pupils are very small and they
tend to decrease as prior attainment increases. In other words, after controlling for the fixed
effects of income, year repetition, school SES and institutional type, as well as the random
effects of classrooms, schools and local authorities, boys and girls have quite similar levels of
progress in Mathematics. It can be appreciated that the 95% confidence intervals only overlap
at about 1.5-2 standard deviations above the mean of prior attainment. This is crucial
information for educational policy, since it is indicative that the gender gap is greater for the

less able pupils, and therefore, remedial actions should be pursued in this group of pupils.
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Figure 4.7: Expected progress in Mathematics by gender

Figure 4.8 depicts the relationship between prior attainment and the scores as predicted in the
full CVA model grouping pupils according to the average socio-economic status of the school
they attend. The predicted scores control for all other variables in the model through the
predicted intercept, and hence reliable comparisons can be made. Confidence intervals are

omitted for simplicity and readability. The significance of the coefficients can be inspected in

Table 4.12.

w -

Prior attainment in Maths

School SES
—@—— Lower-middle
—@—— Upper-middle

—&—— Low
—A—— Middle

———— Upper

Figure 4.8: Expected progress in Mathematics by school SES
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In Figure 4.8, it is observed that after controlling for gender, year repetition, prior attainment,
household income, institutional type and all relevant interaction terms, there are diverse rates
of progress for pupils depending upon the average socio-economic status of the school to
which they attend. It is appreciated that pupils in low and lower-middle SES schools have a
slightly shallower progress than pupils in middle, upper-middle and upper-SES schools. It can
also be observed that pupils in middle-SES schools have the steepest progress, because even
though at the low end of the distribution of prior attainment, these pupils do not differ from
pupils in lower-SES schools, they do "catch up" with the higher-SES school pupils at the high
end of the distribution of prior attainment. On the other hand, upper-middle SES school pupils
have a steady progress in comparison with upper-SES school pupils who start off high and

decrease their rate of progress as prior attainment increases.

In Figure 4.9, the depicted relationship between prior and subsequent attainment according to
year repetition in primary school already controls for all other variables in the CVA model. A
distinct pattern is observed here, where pupils who have been made to repeat at least one
year during primary school are expected to make significantly less progress than pupils who

have undergone primary school without repeating any year.

15
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Prior attainment in Maths

No repetition = —— Repeated

Figure 4.9: Expected progress in Mathematics by pupils' year repetition

In Figure 4.9, the harmful effect of year repetition is apparent. Repetition has no
distinguishable effect only at the very extreme low end of the distribution of prior attainment;

however, after 2 standard deviations below the mean of prior attainment (still extremely low),
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the rate of progress of pupils who have been made to repeat a year in primary school is
markedly reduced all across the rest of the distribution of prior attainment. This implies that
even when pupils have good prior attainment scores in Mathematics, their progress is
expected to be below the progress made by pupils who have not repeated any year and have
the same level of prior attainment. Furthermore, when inspecting Table 4.12, it can also be
appreciated that this effect is even more harmful towards female pupils when interacting year
repetition and gender. This certainly constitutes useful information for eventually revising

school policy regarding year repetition.

The underlying issue regarding year repetition in primary school is that diverse educational
trajectories can have an important impact on secondary schooling. This issue is introduced in

the next section and analysed more deeply in Chapter 5.

4.3.6. Carry-over random effects on Mathematics unaccounted for by the 4-level

CVA model

As hinted in the analytical strategy outlined in the methodology chapter, the most obvious
further extension of this model is the one that specifies the random effects of attending
different primary schools before attending secondary schools. One of the problems and/or
limitations of the 4-level CVA model presented previously is that it assumes that all pupils have
only attended one school during their entire educational trajectory. This can be regarded as

highly unrealistic (Fielding et al., 2006; Goldstein et al., 2007).

A suitable approach to account for these carry-over effects from primary schools into
secondary school performance is to extend the CVA model further into a cross-classified model,
where primary schools are another higher level in the data structure, and thus their effects can
be estimated. However, this structure is not fully-hierarchical anymore, which makes this
extension not straightforward to implement or readily accessible for a non-statistical audience.
Table 4.15 shows the results from the estimated empty 4-level model and the 5-level cross-

classified model.

In Table 4.16, it is seen that the variance at the level of primary schools is considerably lower
than all other variance estimates. However, the goodness of fit indices show that this further
specification of the CVA model is indeed an improvement to the overall fit of the model. The
difference between the DIC statistics of both models (433,657.1-431,852.3=1,804.8) renders
the specification of the primary school level highly significant. Furthermore, it is observed that
the addition of primary schools as a random effect has slightly reduced the variances at the

level of pupils, classrooms and schools, which shows that some bias was still present in the
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estimated random effects of the 4-level CVA model. This model will be further implemented

and discussed in detail in Chapter 5 of this thesis.

Table 4.16: Comparison between an empty 4-level fully-hierarchical model and an empty 5-level cross-
classified model for Mathematics

Em -level

Parametert Empty 4-level model cross-clgz‘;i:’iez :10 del
Fixed part Coef. (95% C.1.) Coef. (95% C.1.)
Intercept -0.139 -0.16

(-0.183; -0.093) (-0.202; -0.112)
Random part Variance Variance
Pupil 0.501 0.492
Secondary School 0.396 0.367
Primary School -- 0.015
Classroom 0.095 0.094
Local Authority 0.071 0.071
Deviance (D) 427182.9 423362.1
Deviance (6) 420708.8 414871.9
Eff. No of parameters (pD) 6474.16 8490.2
DIC 433657.1 431852.3
N 198,929 198,929

t These parameters were obtained via MCMC estimation with Gibbs sampling, using IGLS

estimates as starting values. The chain monitoring length was 20,000, while the burn-in period was

2,000, storing all iterations. Displayed coefficients correspond to the posterior means.
Up to this point, the analyses have only considered progress in Mathematics as the outcome.
This begs the question of whether what was found for this subject is also applicable to other
subjects. In the next section, progress in Spanish Language is analysed by implementing a

contextualised value-added model with the same characteristics of the full CVA model for

Mathematics presented in Table 4.12.

4.4. Does progress in other subjects follow the same patterns found in

Mathematics? A contextualised value-added model for progress in Spanish Language

The successfully implemented CVA model for analysing progress made by Chilean pupils in
Mathematics was specified for the case of attainment in the Spanish Language test, using the

same variables on the same group of pupils. Full details are given in Table 4.17.

In Table 4.17, the CVA model for progress in Spanish includes the same fixed effects as in the
full CVA model for Mathematics (Table 4.12), and since all scores have been standardised, the
effects are comparable in units of standard deviations from the overall mean of each subject
(but not in terms of actual achievement). Although this model presents roughly similar
patterns in attainment, there are key aspects that are worth pointing out. For instance, the
effect of gender is the opposite in the model for progress in Spanish, where male pupils are

expected to score lower than female pupils. However, the effect of gender is moderated by
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year repetition and prior attainment, and hence its main effect is not to be interpreted in its
own right. Nevertheless, the effect of repetition on male pupils is the opposite in Language as
in Mathematics; boys are more affected in Language when made to repeat than girls.
Furthermore, the effect of income seems to be smaller in Spanish progress than in
Mathematics, where pupils living in non-low income households are expected to score
between 0.061 and 0.579 standard deviations more than pupils in low income households as
opposed to Mathematics, where pupils in non-low income households are expected to score
between 0.113 and 0.746 standard deviations more than pupils in low-income households (see:

Table 4.12).

Table 4.17: Fixed part of the full CVA model for progress in Spanish Language

Main effectst Coef. S.E. z P>z 95% Conf. Int.

Intercept -0.204 0.011 -17.777 0.000 -0.226 -0.181
Prior attainment 0.664 0.006  115.430 0.000 0.652 0.675
Male -0.027  0.004 -6.772 0.000 -0.035 -0.019
Lower-middle income 0.032 0.004 8.623 0.000 0.025 0.039
Upper-middle income 0.061 0.006 10.312 0.000 0.050 0.073
High income 0.073 0.009 8.370 0.000 0.056 0.090
Held back -0.208 0.008 -25.121 0.000 -0.224 -0.192
Lower-middle SES 0.061 0.014 4.428 0.000 0.034 0.088
Middle SES 0.230 0.016 14.621 0.000 0.199 0.261
Upper-middle SES 0.398 0.019 20.867 0.000 0.361 0.436
Upper SES 0.579 0.038 15.270 0.000 0.504 0.653
Subsidised independent 0.051 0.011 4,521 0.000 0.029 0.073
Independent 0.023 0.035 0.657 0.511 -0.046 0.092
Interaction effectst Coef. S.E. z P>z 95% Conf. Int.

Prior attainment & Male -0.060 0.003 -18.330 0.000 -0.067 -0.054
Male & Held back 0.021 0.010 2.022 0.043 0.001 0.041
Prior attainment & Held back -0.069  0.006 -12.460 0.000 -0.080 -0.058
Prior attainment & Lower-middle SES -0.020 0.006 -3.145 0.002 -0.032 -0.007
Prior attainment & Middle SES -0.012  0.007 -1.602 0.109 -0.026 0.003
Prior attainment & Upper-middle SES -0.010 0.009 -1.114 0.265  -0.028 0.008
Prior attainment & Upper SES -0.069 0.021 -3.268 0.001 -0.110 -0.027
Prior attainment & Subs. independent  -0.001  0.005 -0.107 0.915 -0.010 0.009
Prior attainment & Independent 0.048 0.020 2.464 0.014 0.010 0.087

T Reference categories: Female; Low income; Not held back; State-funded school and Low school SES.

On another front, school SES has a distinct effect on progress in Spanish from that on
Mathematics, when making this variable interact with prior attainment. Pupils in non-low SES
schools are not expected to make more progress than pupils in low-SES schools; on the
contrary, pupils in lower-middle SES schools and upper-SES schools are expected to make
significantly less progress; while pupils in middle and upper-middle SES schools do not

significantly differ from them. Moreover, when fitting an interaction between prior attainment
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and institutional type of the school on Spanish Language, it is appreciated that only pupils in
independent schools are expected to make more progress than the rest of the pupils in State-
funded and subsidised independent schools. This is clearly different to the patterns recorded
in the CVA model for Mathematics (Table 4.12), where pupils in subsidised independent
schools were expected to make more progress, i.e. when making prior attainment and school

type interact.

This seems to indicate that the institutional type of the schools seems to matter more in the
case of progress in Spanish. Put another way, attending an independent school only represents
an advantage in terms of progress in Spanish Language, but not in Mathematics. These
patterns seem to be yet another reflection of the effect of the schools' socio-economic sorting

in Chile. In table 4.18, the random part of the CVA for Spanish is presented.

Table 4.18: Random part of the full CVA model for progress in Spanish Language

Parameter Estimate S.E. Correlation 95% Coverage Int.

Level 4: Local authority

Variance (Intercept) 0.002 0.001 -- 0.001 0.004
Covariance (Intercept, Male) 0.001 0.0003 0.705 0.0000 0.001
Variance (Male) 0.0002  0.0002 - -0.0002  0.001
Covariance (Intercept, Prior attainment) 0.001 0.0003 0.471 0.0001 0.001
Variance (Prior attainment) 0.001 0.0002 - 0.0004 0.001
Covariance (Prior attainment, Male) 0.0001  0.0002 0.123 -0.0002 0.0003
Level 3: School

Variance (Intercept) 0.025 0.001 -- 0.022 0.028
Covariance (Intercept, Male) 0.003 0.001 0.471 0.001 0.004
Variance (Male) 0.001 0.001 -- -0.0001  0.003
Covariance (Intercept, Prior attainment) 0.001 0.0004 0.195 0.00004 0.002
Variance (Prior attainment) 0.001 0.0003 -- 0.0003 0.001
Covariance (Prior attainment, Male) -0.0003 0.0003 -0.313 -0.001 0.0003
Level 2: Classroom

Variance (Intercept) 0.019 0.001 - 0.017 0.021
Covariance (Intercept, Male) 0.002 0.001 0.217 0.001 0.004
Variance (Male) 0.006 0.001 -- 0.003 0.009
Covariance (Intercept, Prior attainment) 0.004 0.0005 0.446 0.003 0.004
Variance (Prior attainment) 0.003 0.0004 -- 0.003 0.004
Covariance (Prior attainment, Male) 0.002 0.001 0.374 0.001 0.003
Level 1: Pupil

Variance (Intercept) 0.368 0.001 - 0.365 0.370

Regarding the random part of the CVA model for progress in Spanish, displayed in Table 4.18,
some considerable differences are found with respect to the CVA model for Mathematics. In
this model, it is found that the variance between pupils is larger (0.368 against 0.278) and the

variance between schools is smaller (0.025 against 0.053). It is worth noting that all higher-
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level intercept variance estimates are smaller in this model for Spanish when compared to
their counterparts for Mathematics. This would be indicating that progress in Spanish is more

associated to unobserved heterogeneous pupil characteristics than progress in Mathematics.

Overall, the two models seem to be reflecting on profound inequalities that are found in the
Chilean education system. It is clear that progress in both subjects seems to depend more on
socio-economic characteristics of the schools and the pupils (non-malleable factors), rather
than on what schools can actually modify to contribute to their pupils' progress. Given that the
same trends are broadly found in both models and that scores in both subjects are known to
be significantly and substantively associated, a multilevel model including both outcomes is

highly relevant. This model will be further developed and analysed in Chapter 5.
4.5, Conclusions

In order to analyse the academic progress made by Chilean pupils in secondary schools in 2006,
a 4-level random coefficients model has been implemented. Since the implemented models for
attainment in Mathematics and later on in Spanish Language are conditional upon prior
attainment and control for socio-economic variables at the level of pupils and schools, they
can be regarded as contextualised value-added models. The main focus of this chapter has
been set on the construction of the model for progress in Mathematics; however, most of the
conclusions are applicable for the case of progress in Spanish, given that both univariate CVA
models were implemented following the same theoretical and methodological principles

discussed in Chapters 2 and 3.
The main conclusions arising from this chapter are:

a) The level of schools is not the only relevant source of variation in Mathematics progress
(nor in Spanish Language), since variation between classrooms and local authorities is not
negligible. The level of primary schools has also been found to be relevant; however, this is

explored in more depth in Chapter 5.

b) There are a number of non-malleable educational, socio-economic and demographic
characteristics at the level of pupils and schools that significantly affect pupils' progress in
Mathematics (and Spanish Language) that need to be controlled for in order to implement

a fair school accountability system in Chile.

c) Pupils' progress in Mathematics significantly varies across classrooms, schools and local

authorities.
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d) Differences between school accountability measures derived from diverse statistical

models are not negligible.

Additionally, the full 4-level CVA model for Mathematics differs from the traditional 2-level

school value-added models in two key aspects:

a) It assesses the variation from 4 levels, which have been shown to be highly significant and

crucial to estimate more reliable school effects.

b) It effectively decreases the bias that arises in traditional value-added models controlling for
prior attainment only (raw value-added models as described in Chapter 2), where prior
attainment scores are highly correlated with school raw averages in subsequent attainment,
which makes schools serving the best performers in previous tests obtain the highest value-

added estimates.

Results from the CVA model for Mathematics reveal the extent of the inequalities of the
Chilean education system; they show that progress in Mathematics is positively associated
with living in a non-low income household, being male, attending a subsidised independent,
non-low SES school. On the other hand, progress in Mathematics is negatively associated with
living in a low-income household, being held back at least once during primary school, being a
female, attending a low-SES school and attending a state-funded school. On the other hand,
the gender gap manifests itself differently in Language, where female pupils are advantaged

with respect to male pupils.

It is also found in the CVA model for Mathematics that male pupils progress more than female
pupils in general, a tendency that is only remedied when (average) prior attainment is high in a
particular school. Furthermore, it is found counter-intuitively that, in general, pupils in
independent schools do not progress more in Mathematics than those in state-funded schools.
However, progress must not be confused with attainment. Pupils in independent schools have
not attained more than expected, given their socio-economic background and their prior
attainment; in other words, they have not progressed more than pupils in State-funded
schools. That is, independent schools do not seem to add value to their pupils' educational
trajectories in Mathematics. With regard to progress in Language, results show a different

pattern, where pupils in independent schools outperform all other pupils.

Nevertheless, a word of caution is needed on these results. Differences between schools'
estimated value-added scores can partially be the result of a selection process in the school
system. This selection process can be reflected upon a correlation between prior attainment

and the CVA measures due to school choice based on school averages, which produces bias in
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the estimated random effects (Ebbes et al., 2004). This is an issue that is not directly addressed
in this research, but it certainly requires more investigation. In this research, school selectivity
is at least partially controlled for by specifying prior attainment and year repetition, as

mentioned before.

In sum, the CVA model presented in this paper extends and improves the traditional 2-level
school value-added models insofar as it explicitly assesses the variation between pupils,
classrooms, secondary schools and local authorities. These levels have been shown to be
highly significant and crucial to estimate more precise and informative school effects for
accountability purposes mainly. More specifically, adjusting for the effect of local authorities
allows contextualising the information about school performance within a given territory to
which most often parents are limited to choose from and to which local government
administrations are limited to intervene. On the other hand, adjusting for classroom effects
allows unveiling differences within schools that traditional models obscure; such differences
might be relevant for policy interventions and for parents who could make choices based on
overall school effects rather than a mixture of effects proceeding from the schools and the
classrooms. Parents cannot choose from the latter and authorities at the levels of schools and
local government ought to identify within-school differences for intervention, and hence the
relevance of distinguishing between the two. Although the focus has been set on external
school accountability, these extensions to the traditional CVA models (mainly specifying
further levels of variation) constitute non-trivial and non-negligible adjustments when feeding
back to diverse stakeholders, because they take a more thorough account of the complexity of

the school performance phenomenon.

In light of the apparent differences that are found in pupils' academic progress due to socio-
economic inequalities, along with within and between-school differences and geographical
effects, it is evident that a school accountability system that does not thoroughly consider
them will undoubtedly be unfair. This is especially relevant when considering what the stakes
are. As discussed in chapter 2, the new Chilean Education Quality Assurance System (Sistema
Nacional de Aseguramiento de la Calidad de la Educacion Escolar, SAC) foresees the utilisation
of the school classifications for supporting schools with insufficient performance; however,
persistent insufficient performance may result in closure (Agencia de Calidad de la Educacion,
2014; San Martin & Carrasco, 2013). The choice of methods is, therefore, a key player in this

high stakes game as seen in this chapter and should not be taken as a trivial matter.

Other theoretically possible extensions of this CVA model include assessing additional
contextual random effects, such as neighbourhood and family, as well as the carry-over effects

from primary schools. In this chapter, the effects of primary schools have indeed been found
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to be significant in a 5-level empty cross-classified model for attainment in Mathematics.
However, further specifications go beyond the scope of this chapter, because they are not
straightforward extensions to the standard multilevel model. In the case of the effects of

neighbourhood, data are not available to analyse them.

Given the similarities between the CVA models for Mathematics and Spanish, as well as the
relevant association between both subjects, and considering that primary schools have been
shown to be a significant contribution to the model, a bivariate 5-level cross-classified CVA
model is implemented next in Chapter 5 in order to disentangle the complexity of school-value

added further.
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Chapter 5: Analysing value-added for external school accountability with a
bivariate multilevel model

5.1. Introduction

The main purpose of this chapter is to develop a more comprehensive, more reliable and
ultimately fairer school value-added model for accountability, embodying a broader concept of
school effectiveness in which academic progress is viewed as a multifaceted phenomenon. This
chapter builds up from the conclusions of chapter 4, to integrate the following elements in a
single CVA model: a) assessing the effects of set of widely known influential socio-economic
and demographic characteristics of the pupils and the schools; b) specifying the additional
levels of classrooms and local authorities as significant sources of variation, in addition to the
traditional 2-level models of pupils nested within schools; c) extending the CVA model further
to assess the variation between primary schools; and d) analysing the correlation between

different subjects, i.e. Mathematics and Language.

The bivariate CVA model is built up sequentially, as described in the analytical strategy in
Chapter 3. Relevant results arising from the implementation of each step are presented and
discussed in detail throughout the chapter. Similar to how results are presented in Chapter 4,
the construction of the bivariate CVA model of this chapter is described starting off with the
variance components models (section 5.4); then, moving on to the raw CVA model controlling
for prior attainment only (section 5.5) as a baseline, from which the influence of the
characteristics of the schools and the pupils on progress in both subjects will be assessed
(sections 5.6 and 5.7). Then, in sections 5.8 and 5.9, further insight is given into differential

school effects that can only be estimated through this specification.

By the end of the chapter, in section 5.10, the practical implications of the full model are
analysed by comparing school accountability measures derived from a traditional approach
and from this novel specification. Finally, the conclusions arising from these analyses are

discussed.

5.2. Exploring the relationship between Mathematics and Language test scores

In this section, the purpose is to explore the relationship between the scores in the
standardised SIMCE tests of Mathematics and Spanish. As hinted in the previous chapters,
achievement in the subjects of Mathematics and Spanish is reasonably believed to be

associated.
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Educational researchers have found that language attainment is positively associated with
Mathematics achievement (see for example: Tate, 1997; Wang & Goldschmidt, 1999) along
with other socio-economic, educational and demographic characteristics at the level of schools
and pupils in models similar to those presented in the previous chapter. Nevertheless, a
normal response univariate multilevel model cannot reliably account for this presumable
correlation. Hypothetically speaking, if a model for performance in Mathematics is specified
with a set of explanatory variables that include, for instance, socio-economic characteristics
and language-related indicators, issues of multicollinearity and possibly endogeneity may arise.
This is because such language proficiency indicators are also very likely to be associated with

(or affected by) the socio-economic variables in the model.

As seen in the models of Chapter 4, progress in Mathematics and Spanish are both significantly
associated with income, gender, year repetition, school institutional type and school SES, and
hence in the event of specifying Spanish attainment as an additional predictor of Mathematics,
spurious coefficients would be estimated, since attainment in the Spanish Language test could
also be specified as a function of the other specified variables. In Figure 5.1 below, the
relationship between the standardised scores in Mathematics and Language obtained by

pupils in Year 10 in 2006 is explored.

Standardised Mathematics scores
0
1

-4 -2 0 2 4
Standardised Spanish scores

R-squared=0.5055

Figure 5.1: Relationship between Mathematics and Spanish Language standardised scores at the pupil
level

In Figure 5.1, it can be appreciated that there is great variability at the pupil level, where many
pupils with high scores in Mathematics recorded low scores in Spanish and vice versa.
However, the overall picture, although not clear, is that the higher the score obtained in
Mathematics, the greater the chance of obtaining high scores in Spanish. This is also

demonstrated by a fairly high value for the R-square of 0.506 (correlation of 0.711). Not
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surprisingly, when averaging Mathematics and Spanish attainment at the level of schools, the

pattern in the data becomes clearer as observed in the next figure.

In Figure 5.2, it is observed that there is a quite high correlation between the school average
attainment in Mathematics and the school average attainment in Spanish. Thus, schools with a
high average attainment in Mathematics are most likely to record a high average attainment in
the Spanish Language test as well. The R-square coefficient in this case is 0.8903 (correlation of
0.944), which indicates that the school average of any of the tests is quite a good predictor of

the school average in the other test.

T T T T
-2 -1 0 1 2
School average Spanish scores

R-squared=0.8903

Figure 5.2: Relationship between Mathematics and Spanish Language standardised scores aggregated
at the school level

As mentioned previously, a bivariate multilevel model is the best approach for taking into
account this correlation without producing a model that suffers from unacceptable levels of
multicollinearity or endogeneity. In the next section, this model is implemented as outlined in
equations 12 and 13 of Chapter 3 and following the same 'bottom-up' analytical strategy

outlined also in Chapter 3 and implemented for the univariate models presented in chapter 4.

5.3. Is there a relationship between progress and school value-added in

Mathematics and Language?

In this section, the main aim is to ascertain whether there is an underlying relationship
between Mathematics and Language. If proved significant, this relationship could be
considered evidence in favour of the multidimensionality of school value-added and pupils'

progress, manifested through attainment in various subjects, in this case Mathematics and
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Language. To test the significance of the correlation between the two subjects, two bivariate
multilevel models are fitted and compared: a) a baseline 2-level model with two outcomes
whose correlations at both levels were constrained to be zero, and b) an unconstrained

bivariate 2-level model with a full covariance matrix.

From a statistical point of view, another important advantage of using the multivariate
specification is that the estimation of a joint model uses the information more efficiently
(Goldstein, 2011). For instance, should there be pupils missing one test score but not the other,
the covariance matrix could still be estimated efficiently using the available information on the
other test score. In contrast, when specifying two separate models, missing information on
one test score is simply disregarded. Furthermore, the multivariate specification allows testing
hypotheses across outcomes; for instance, it is possible to test the significance of any
explanatory variable on both outcomes jointly or separately, which can be of substantive

interest for unveiling differential effects.

As observed in Table 5.1, the specification of an unconstrained bivariate multilevel model
represents a significant improvement to the overall fit of the model (p<0.001), which implies
that the Mathematics and Language test scores are significantly correlated. It is also
appreciated that both sets of effects -fixed and random- remain mostly unchanged with this
specification.

Table 5.1: Model comparison between constrained multilevel model with two uncorrelated outcomes
and unconstrained bivariate multilevel model

Parameterst Constrained Unconstrained
Fixed Part Coef. (s.e.) Coef. (s.e.)
Intercept Maths 0.018 (0.015) 0.018 (0.015)
Intercept Language 0.027 (0.013) 0.024 (0.013)
Level Random Part Coef. Coef.
Secondary Variance (Intercept Maths) 0.51 0.509
Covariance (Language, Maths) -- 0.433
Schools Variance (Intercept Language) 0.392 0.392
Variance (Intercept Maths) 0.569 0.569
Pupils Covariance (Language, Maths) - 0.347
Variance (Intercept Language) 0.67 0.67
-2*loglikelihood 970233.877 888795.359
Model fit AIC 970245.877 888811.359
Number of parameters (k) 6 8
information  Chi-square (XZ) -- 81438.518
p(X%) - <0.001
N 202,605 202,605

Tt Parameters were obtained via IGLS estimation.
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The comparison of these two models not only allows unveiling the statistical relevance of
estimating a bivariate model, but also reveals that academic performance is not a
unidimensional phenomenon, which is more important from a substantive point of view. This
implies that underlying the observed test scores in Mathematics and Language; there exist
other mechanisms and relationships that influence academic performance. In other words,
subjects are not learned by pupils in an isolated way and subjects are not taught (intentionally
or unintentionally) in an isolated way either. Furthermore, had the data been available, other

relationships between different subjects could have been found.,

Using the covariance and variance terms of the unconstrained model, it is possible to estimate
the correlation of the Mathematics and Language scores at the level of secondary schools and
pupils. At the secondary school level, it is found that this correlation is 0.969, which means for
instance that a secondary school achieving high scores in Mathematics on average would also
be expected to score high on average in the Language test. In contrast, at the pupil level this
relationship is not so clear, but also fairly high (0.562). Having demonstrated that the
specification of a bivariate multilevel model is indeed fruitful, this empty model is extended
further with additional levels of variation to test whether the bivariate multilevel model

benefits from increasing its complexity.

5.4. Decomposing the variation in Mathematics and Language test scores

The first step in analysing progress in Mathematics and Spanish Language jointly, is to
implement the empty models to assess the main significant sources of variation in the data in
the same way as seen for the univariate CVA models in Chapter 4. Following the analytical
strategy as outlined in Chapter 3, the significance of the specification of additional levels to the
basic 2-level (pupils nested within schools) bivariate model was assessed by performing the
likelihood ratio test and monitoring the reduction of the value of the Akaike's Information

Criterion (AIC).

Furthermore, the addition of the level of primary schools requires using MCMC estimation (as
explained in Chapter 3, section 3.7.2), which makes it necessary to use alternative goodness of
fit measures. As mentioned in Chapter 3, the Deviance Information Criterion (DIC) is a
generalisation of the AIC used in multilevel models fitted via MCMC. In this case, the values of
the DIC of the models without cross-classification (2, 3 and 4 levels) were compared to the
value of the DIC of the model with cross-classification (5 levels). In such comparison, a lower
value of the DIC diagnostic for the more complex models in comparison to the less complex
models, indicates a better fit (Browne, 2012). In Table 5.2, the results for the 2, 3, 4 and 5-level

empty bivariate models are presented.
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Results from the empty bivariate models show that the addition of every level of variation is a
significant contribution to the overall fit of the model. The DIC diagnostic measure is drastically
reduced with the specification of the class level (difference between DIC's is 24,870.16), while
this is not as pronounced for the case of the addition of the local authority level (difference is
4.062), but still a relevant improvement given that the effective number of parameters (pD) is
also reduced because of this specification. These results are also consistent with what is found
for the 2, 3 and 4-level models (which can be fitted via IGLS estimation), where values of the
AIC drop with every additional level specified. Finally, the addition of the level of primary
schools, given its cross-classified structure, increases the overall complexity of the model with
a larger number of effective parameters; however, the DIC indicates that this is a significant
trade-off, with a large reduction of the deviance (difference with respect to 4-level model is

2,397.701) and hence a better fit.

Table 5.2: Summary of the empty bivariate models for attainment in Mathematics and Language

Parametert 2 levelst 3 levels 4 levels 5 levels
Fixed Part Coef. (s.e.) Coef. (s.e.) Coef. (s.e.) Coef. (s.e.)
Intercept Maths 0.012 (0.015) 0.002 (0.015) -0.137(0.023) -0.189 (0.029)
Intercept Language 0.018 (0.013) 0.007 (0.013) -0.122(0.021) -0.172(0.027)
Level Random Part Coef. Coef. Coef. Coef.
Secondary Var. (Intercept Maths) 0.51 0.47 0.396 0.366
Schools Cov. (Language, Maths) 0.433 0.402 0.334 0.307
Var (Intercept Language) 0.393 0.362 0.3 0.275
Pupils Var. (Intercept Maths) 0.569 0.502 0.502 0.492
Cov. (Language, Maths) 0.347 0.292 0.292 0.284
Var. (Intercept Language) 0.67 0.615 0.616 0.606
Classes Var. (Intercept Maths) -- 0.095 0.095 0.093
Cov. (Language, Maths) - 0.077 0.077 0.076
Var. (Intercept Language) -- 0.076 0.077 0.075
Local Var. (Intercept Maths) -- -- 0.069 0.073
Authorities Cov. (Language, Maths) - - 0.063 0.067
Var. (Intercept Language) -- -- 0.058 0.062
Primary Var. (Intercept Maths) -- -- -- 0.015
Schools Cov. (Language, Maths) -- -- -- 0.013
Var. (Intercept Language) - -- - 0.015
Model fit DIC 882,639.635 857,769.5 857,765.4 855,367.7
pD 5,048.381 11,476.94 11,470.71 14,617.81
N 202,605 202,605 202,605 202,605

T Obtained via MCMC, using IGLS estimates as starting values. Chain length: 5,000; burn-in: 500, storing all
iterations.

¥ Estimates from Table 5.1 differ from Table 5.2 because of the different estimation procedures utilised.
The variance estimates at the school and pupil level differ quite considerably across the
models, where the between-school variance in Spanish is much lower than for the case of

Mathematics, which would be indicating that performance in Spanish is more associated with

pupil characteristics and abilities than performance in Mathematics.
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On another front, as seen in the previous chapter, it can be easily noted that the school effects
(school-level variance) are clearly overestimated in a basic 2-level model (pupils nested within
secondary schools). In both subjects, the overestimation of the school effects ranges between
28% and 30%, when comparing the variance estimates of the 2-level model with the 5-level

cross-classified model. In Table 5.3, the variance partitioning is presented in detail.

According to the variance partition coefficients, the variance at the higher levels is consistently
larger across all the empty models for the case of the Mathematics test in comparison to the
results in Spanish. Conversely, the variance due to the pupil level is higher in the Spanish test,
which may be indicating that attainment in Language is more associated with pupil
characteristics and abilities than attainment in Mathematics. It can also be observed that the
carry-over effects from primary schools are comparatively small (although significant) with
respect to the effects from secondary schools. However, amongst the four empty models, the
most important (largest) source of variation is always the pupil level. These results are
consistent with what has been found in the previous chapter: that is, the variance components

are broadly similar to those of the univariate models in Chapter 4.

Table 5.3: Variance partition coefficients of the empty bivariate models for attainment in
Mathematics and Language

Level Test 2 levels 3 levels 4 levels 5 levels
Secondary Mathematics 47.27%  44.05%  37.29%  35.23%
Schools Language 36.97%  34.38%  28.54%  26.62%
Pupils Mathematics 52.73%  47.05%  47.27%  47.35%
Language 63.03%  58.40% 58.61%  58.66%
Classes Mathematics -- 8.90% 8.95% 8.95%
Language - 7.22% 7.33% 7.26%
Local Mathematics  -- - 6.50% 7.03%
Authorities  Language - - 5.52% 6.00%
Primary Mathematics -- - - 1.44%
Schools Language - - - 1.45%
Total Mathematics 100% 100% 100% 100%
Language 100% 100% 100% 100%

Since the specification of additional levels to the basic model structure of pupils nested within
schools has proved to be fruitful, the upcoming bivariate analyses are fitted accordingly. On
another front, these empty bivariate models cannot be considered as value-added models in
the rightful sense, since they do not control for any measure of prior attainment. The next
model to be fitted is the raw value-added bivariate model, where prior attainment in both

subjects is specified as the only explanatory variable.
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5.5. Controlling for prior attainment in Mathematics and Language

The inclusion of prior attainment, as expected, produces drastic reductions of the random
effects at all levels, when compared to the empty models. It can be appreciated that both
measures of prior attainment have very similar effect on their corresponding measures of
subsequent attainment and these are consistent with the univariate models described in
Chapter 4. This raw value-added bivariate model can be understood as an extension to the
multivariate case of the concept of "type AA value added model" developed by Timmermans

et al. (2011) for the univariate case.

It is found here that a one standard deviation increase of prior attainment in Mathematics
produces a 0.564 standard deviations increase in subsequent Mathematics tests; whereas a
one standard deviation increase of the score in the first occasion of the Spanish test produces

a 0.575 standard deviations increase in the second occasion of the Spanish Language test.

Table 5.4: Raw value-added bivariate model for progress in Mathematics and Language

Parametert Coef. S.E. 95% C. I.
Fixed Part
Intercept Maths -0.057 0.012 -0.079 -0.034
Intercept Spanish 0.564 0.002 0.561 0.567
Maths prior attainment -0.050 0.010 -0.070 -0.030
Language prior attainment 0.575 0.002 0.572 0.578
Level Random Part Coef. S.E. 95% C. I.
Variance (Intercept Maths) 0.120 0.004 0.111 0.129

Secondary Schools  coyariance (Language, Maths) 0.089 0.003 0.083 0.096
Variance (Intercept Language) 0.077 0.003 0.071 0.083

Variance (Intercept Maths) 0.285 0.001 0.283 0.287
Pupils Covariance (Language, Maths) 0.082 0.001 0.080 0.083
Variance (Intercept Language) 0.374 0.001 0.372 0.377

Variance (Intercept Maths) 0.040 0.001 0.038 0.042
Covariance (Language, Maths) 0.026  0.001 0.024 0.027
Variance (Intercept Language) 0.026 0.001 0.025 0.028

Classes

Variance (Intercept Maths) 0.016 0.003 0.011 0.021
Local Authorities  cqyariance (Language, Maths)  0.013  0.002 0.009 0.018
Variance (Intercept Language) 0.013 0.002 0.009 0.017

Variance (Intercept Maths) 0.009 0.0004 0.008 0.009
Primary Schools  cqyariance (Language, Maths)  0.005 0.0003 0.004  0.006
Variance (Intercept Language) 0.005 0.0003 0.004 0.005

T Obtained via MCMC estimation. Chain length: 5,000; burn-in: 500; storing all iterations.

From this model a pseudo R-squared estimate can be computed from the residual variances at

each level as seen in Hox (2010). Thus, prior attainment is found to have explained or
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accounted for 67.92% of the variance at the school level in Mathematics and 72.89% of the
variance at the school level in Language; whereas at the pupil level, prior attainment explains

42.42% and 38.59% of the variance in Mathematics and Language, respectively.

Unsurprisingly, this bivariate raw value-added model represents a highly significant
improvement of the overall fit of the model with respect to the variance components model,
as seen in Table 5.5, where it is observed that a very large reduction of the DIC indicator occurs
after controlling for prior attainment. The difference between the DIC value of the variance

components model and DIC of the model controlling for prior attainment only is 142,471.449.

Table 5.5: Model fit comparison between bivariate variance components model and raw value-added
bivariate model

Variance Raw value-added
Parametert components model bivariate model
(mo0) (m1)
DIC 761,098.419 618,626.970
pD 12,943.107 12,218.847
DIC (m0) - DIC (m1) - 142,471.449
Units: Pupils 180,575 180,575
Units: Classrooms 7,459 7,459
Units: Primary schools 5,537 5,537
Units: Secondary schools 2,438 2,438
Units: Local Authorities 320 320

1 These parameters have been obtained via MCMC estimation with Gibbs
sampling. Monitoring chain length: 5,000; burn-in: 500; storing all iteration.

Notwithstanding, the 'explanatory' power of prior attainment is not surprising and it should be
interpreted with caution, because this measure is considered to be only a control variable to
measure progress in both subjects. Additionally, as it occurred with the raw value-added
model for progress in Mathematics (Chapter 4), this raw value-added bivariate model suffers
from being severely misspecified and biased towards overestimating the effects of those
schools serving the highest achievers in previous tests. The next models control for a series of
socio-economic, demographic and contextual variables at the school and pupil level in order to

estimate more reliable, fair and accurate school effects.

5.6. How much of the progress made in Mathematics and Language is explained

by the characteristics of the pupils?

The next stage of the modelling process, as outlined in the analytical strategy presented in
Chapter 3, involves adding the explanatory variables at the lowest level of the data structure,
which in this case is the pupil level. The socio-economic, demographic and educational
characteristics of the pupils have been incorporated to the bivariate model in addition to the

measures of prior attainment for both subjects. All parameters have been freely estimated
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without constraints, and hence all variables are assumed to have different effects on both

outcomes.

As this model incorporates socio-economic and demographic characteristics of the pupils, this
model can be defined as a true contextualised value-added model. Additionally, given that the
only controls are made at the level of the pupils, this model can also be understood as the
extension to the bivariate case of the "type A value added model", as defined by Timmermans

et al. (2011) and Raudenbush (2004).

As discussed in Chapter 4, given that significant interaction effects are found, the main effects
of the fixed part of the bivariate model are not to be interpreted in their own right, but in
combination with the variables with which they are interacted. Some noticeable differences
between progress in Mathematics and Language are evident from the fixed effects of the

bivariate CVA model controlling only for pupil characteristics. Full details are given in Table 5.6.

Table 5.6: Fixed effects of the contextualised value-added bivariate model of progress in Mathematics
and Language controlling for pupil-level explanatory variables only

Mathematics "Language

Main effectst# Coef. S.E. 95% C.I. "Main effects Coef. S.E. 95% C.1.
Intercept -0.080 0.011 -0.102 -0.057 [[intercept -0.036 0.009 -0.055 -0.018
Prior attainment 0.557 0.003 0.552 0.562 |[Prior attainment 0.602 0.003 0.597 0.608
Male 0.081 0.004 0.073 0.090 [[Male -0.029 0.005 -0.038 -0.020
Lower-middle income 0.022 0.005 0.013 0.031 [Lower-middle income 0.041 0.005 0.031 0.051
Upper-middle income 0.044 0.007 0.030 0.057 [[Upper-middle income 0.085 0.008 0.068 0.101
High income 0.073 0.010 0.053 0.093 [High income 0.111 0.011 0.090 0.134
Held back -0.275 0.008 -0.291 -0.258|Held back -0.221 0.009 -0.238 -0.202
Interaction effects Coef. S.E. 95% C.I. "Interaction effects Coef. S.E. 95% C.1.
Prior att. & Male -0.009 0.003 -0.014 -0.003|[Prior att. & Male -0.050 0.003 -0.057 -0.044

Prior att. & Low-midinc. ~ 0.012 0.003 0.005 0.018 |Prior att. & Low-mid inc. -0.007 0.004 -0.014 -0.0002
Prior att. & Up-mid inc. 0.018 0.005 0.009 0.028 |Prior att. & Up-mid inc. 0.006 0.006 -0.005 0.017
Prior att. & High income  0.013 0.006 0.002 0.024 (Prior att. & Highincome  0.002 0.007 -0.011 0.015
Prior att. & Held back -0.075 0.005 -0.085 -0.065 ||Prior att. & Held back -0.072 0.005 -0.082 -0.061
Male & Low-mid income  -0.014 0.006 -0.026 -0.002[Male & Low-mid income -0.004 0.007 -0.018 0.009
Male & Up-mid income -0.020 0.009 -0.039 -0.002 [|Male & Up-mid income  -0.014 0.011 -0.034 0.007
Male & High income -0.001 0.011 -0.023 0.021 |[Male & High income 0.022 0.012 -0.003 0.046
Male & Held back 0.082 0.009 0.065 0.100 [[Male & Held back 0.025 0.010 0.005 0.045
Low-mid inc. & Held back 0.006 0.011 -0.015 0.028 [Low-mid inc. & Held back 0.007 0.012 -0.017 0.032
Up-mid inc. & Held back ~ 0.007 0.019 -0.031 0.045 ||Up-mid inc. & Held back -0.005 0.022 -0.048 0.038
High income & Held back 0.007 0.024 -0.041 0.055 [High income & Held back -0.029 0.027 -0.080 0.025

T These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain length: 5,000;
burn-in: 500; storing all iterations.
¥ Reference categories: Female; Low income and Not held back.

First of all, the gender gap manifests itself differently in both outcomes as also noted in

Chapter 4. Overall, female pupils are expected to make more progress than males in Language;
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however, this relationship is moderated by prior attainment and year repetition. With regard
to year repetition, boys who have been made to repeat are better off than female pupils, but
worse off when considering prior attainment in Language. In Mathematics, on the other hand,
boys are expected to score higher overall, but this effect is moderated by income, prior
attainment and year repetition; boys are expected to make slightly less progress than girls
when considering their prior attainment and also when they come from middle-income
households. Nevertheless, male pupils who have been made to repeat at least one year in
primary school are much better off than females, in terms of their progress in Mathematics.
The harmful effect of year repetition is found in both subjects and is found to be larger for girls

than boys; however, in Language progress it is less pronounced.

Another noticeable difference between both subjects in the fixed part of the model is that the
effect of prior attainment on Language does not vary across all household income groups. It is
only pupils in lower-middle income household who are expected to have slightly less progress
than pupils in low-income households, whereas all other pupils follow the overall pattern, i.e.
they progress as expected by their income group. In the case of gender, its effect on Language
does not vary across income. This is clearly distinct from what is recorded in the case of
Mathematics, where the effects of prior attainment and gender both vary significantly across
income groups. Not only do pupils in non-low income households start off better in terms of
attainment, but they also make more progress in Mathematics than pupils in low-income
households. With regard to the effect of gender on Mathematics, it is found that male pupils in
middle-income households (lower and upper) make significantly less progress than their

female counterparts.

Even though the interaction between gender and income is only significant in one of the
outcomes of the model, this effect will be fully kept in subsequent models to make the results
in both outcomes more easily comparable. On the other hand, the interaction between pupils'
retention and family income in both outcomes did not turn out to be significant and hence it
will be suppressed from subsequent models. As for the random effects of this model, Table 5.7

shows the full details.

Unsurprisingly, the variance estimates of the intercepts of both outcomes have considerably
dropped from what was estimated in the unconditional model (Table 5.2). This is very much
expected, since the explanatory power of the socio-economic background on academic
achievement has been thoroughly analysed and demonstrated in previous educational
research. The drop in the variance estimates implies that once the pupils' socio-economic,

demographic and educational characteristics have been taken into account, little variation
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between units can be found at all levels. This is especially true for the case of the levels of
secondary schools and local authorities, where the variance estimates of the intercepts of both
outcomes have been reduced by more than 70%; moreover, the variance estimate of the

intercept of Language at the level of primary schools has also been reduced by more than 70%.

Table 5.7: Random effects of the contextualised value-added bivariate model of progress in
Mathematics and Language controlling for pupil-level explanatory variables only

Level Parameterst Coef. S.E. Correlation 95% C.l.
Var. (Intercept Maths) 0.109 0.004 -- 0.101 0.117
Secondary
schools Cov. (Int. Maths, Int. Language) 0.076  0.003 0.924 0.070 0.082
Var. (Intercept Language) 0.062  0.003 -- 0.057 0.068
Var. (Intercept Maths) 0.039 0.001 -- 0.037 0.041
Classes Cov. (Int. Maths, Int. Language) 0.024  0.001 0.783 0.023  0.026
Var. (Intercept Language) 0.025 0.001 - 0.023  0.026
Var. (Intercept Maths) 0.279  0.001 -- 0.277 0.281
Pupils Cov. (Int. Maths, Int. Language) 0.080  0.001 0.250 0.079  0.082
Var. (Intercept Language) 0.370 0.001 -- 0.367 0.372
Local Var. (Intercept Maths) 0.011  0.002 -- 0.008 0.016
Authorities Cov. (Int. Maths, Int. Language) 0.009  0.002 0.966 0.006 0.012
Var. (Intercept Language) 0.007 0.001 - 0.005 0.010
Primary Var. (Intercept Maths) 0.008 0.0004 -- 0.007 0.009
schools Cov. (Int. Maths, Int. Language) 0.004 0.0003 0.766 0.004  0.005
Var. (Intercept Language) 0.004 0.0004 -- 0.004 0.005

+ These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain
length: 5,000; burn-in: 500; storing all iterations.

Regarding the relationship between the Mathematics and Language intercepts, it is
appreciated that there is a noticeable high correlation at the levels of Secondary schools and
Local Authorities. This is expected to some extent given that these are high levels of data
aggregation. These high correlations imply that a secondary school that is highly effective for
its pupils in Mathematics is also expected to be highly effective in Language and vice versa.
With the necessary modifications, the same is true for Local Authorities. Although not as high
as for the case of the aggregated levels of local authorities and secondary schools, the
intercepts of both outcomes are also highly correlated at the levels of classes and primary
schools, meaning that classes and primary schools with high or low levels of achievement in
Mathematics are also similarly effective in Language attainment. Lastly, it is apparent from
Table 5.6 that pupils are more heterogeneous because high (or low) achievement in
Mathematics is not necessarily accompanied by high (or low) achievement in Language, which
is implied by the weak correlation estimated between the intercept of Mathematics and

Language at the pupil level.

This apparent inconsistency between the correlations between Mathematics and Language at
different levels can be explained by the underlying traits that these intercepts represent. At

the higher levels (i.e. classes, primary schools, secondary schools and local authorities), the
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intercepts of both outcomes represent a theoretical overall degree of comparative
effectiveness of the particular higher level unit. For instance, a secondary school that puts in
place a series of policies to boost its pupils' performance will most likely obtain good results in
standardised tests. That is because such policies will most likely not be circumscribed to only
one particular subject, but other subjects as well. This would point towards an overall
effectiveness of that particular secondary school that would be allegedly higher than the
overall effectiveness of another secondary school that does not put in place such policies.
Given that most differences between secondary schools, after controlling for non-malleable
pupils' characteristics, will be found amongst the particular policies that they do and/or do not
display. The most expected result is that the most effective secondary schools implement
more comprehensive policies and that the least effective schools either implement

ineffectively atomised policies or do not implement any special policy at all.

On the other hand, at the level of pupils, the weak correlation between the Mathematics and
Language intercepts is probably a reflection of individual processes that are more related to
intellectual or emotional abilities or even family characteristics. This is in addition to socio-
economic and demographic characteristics, which are already controlled for in the model,.
Thus, for example, pupils may be more inclined to develop further their skills in one of the
subjects and leave the other aside according to what their parents or carers have directly or
indirectly encouraged in earlier life. Other plausible causes might be associated with specific
cognitive abilities that allow certain pupils to develop several skills in different domains,
whereas other pupils may not have these innate abilities.

Table 5.8: Model fit comparison between raw value-added bivariate model and model with pupil-level
explanatory variables only

Raw value-added Pupil explanatory

Parametert bivariate model variables only

(m1) (m2)
DIC 618,626.970 615,020.807
Eff. No of parameters (pD) 12,218.847 11,968.430
DIC (m1) - DIC (m2) - 3,606.162
Units: Pupils 180,575 180,575
Units: Classes 7,459 7,459
Units: Primary schools 5,537 5,537
Units: Secondary schools 2,438 2,438
Units: Local Authorities 320 320

T These parameters have been obtained via MCMC estimation with Gibbs sampling.
Monitoring chain length: 5,000; burn-in: 500; storing all iterations.

As expected, in Table 5.8 above, it can be appreciated that the inclusion of pupil-level

explanatory variables has produced a highly significant improvement to the overall fit of the
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model when comparing to the previous model that controlled for prior attainment only (Table
5.4). It is observed here that the difference between the DIC value of the raw value-added
bivariate model (m1, controlling for prior attainment only) and the DIC of the CVA model
controlling for pupil characteristics is 3,606.162, which can be considered as a highly significant

difference.

Although this specification proved to be a significant improvement to the overall fit, there is a
known issue where school characteristics may still affect pupils' performance and progress, as
seen previously in Chapter 4. Since what it is pursued in this analysis is the least biased
estimation of the malleable school effects, the school characteristics that the model needs to
control for are those that cannot be modified by the school. This is in addition to those
compositional effects (pupil-level characteristics) that have already been specified in this
bivariate CVA model controlling only for pupil-level explanatory variables. A detailed

description of this step is presented in the next section.

5.7. Controlling for school context and characteristics

Between-school variation can theoretically be accounted for by various sources, amongst

which it is possible to find:
a) the compositional effects, which have been analysed in the previous section;

b) the malleable school factors, which include all resources and policies put in place by the

school in particular that boost or moderate pupils' performance; and finally,

c) the non-malleable school factors, which refer to the school context and characteristics over
which the school has no power to modify or are intrinsically part of how the school is defined

as an institution.

In this part of the analysis, the non-malleable factors to be incorporated into the models are
the institutional type and the socio-economic status of the school. As described in Chapter 3,
institutional type is an administrative denomination defined by the Chilean Ministry of
Education to classify primary and secondary schools. According to the Chilean legislation,
State-funded schools are comprehensive institutions owned and managed by the State
through the Local Education Authorities, more specifically the Municipalities; Subsidised
Independent schools are comprehensive institutions owned and managed by private parties,
but partially funded as well as supervised by the Ministry of Education; Independent schools
are selective schools fully funded by private parties and partially supervised by the Ministry of
Education. On the other hand, School SES is an index elaborated by the Chilean Ministry of

Education that takes into account the parents' level of qualifications, family income and a
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"vulnerability" indicator aggregated at the school level. This model corresponds to a "type B"
value-added model as defined by Raudenbush (2004) and Timmermans et al. (2011), but

extended to the bivariate case.

Table 5.9: Fixed-effects parameters of the random-intercepts bivariate CVA model of progress in
Mathematics and Language controlling for pupil-level and school-level explanatory variables.

Fixed effects Mathematicst ||Fixed effects Languaget

Pupil-level Pupil-level

main effects¥ Coef.  S.E. 95% C.I.  |[main effects¥ Coef. S.E. 95% C.I.
Intercept -0.343 0.015 -0.373 -0.315 |[intercept -0.243 0.012 -0.267 -0.221
Prior attainment 0.556 0.003 0.550 0.561 |Prior attainment 0.600 0.003 0.595 0.606
Male 0.082 0.004 0.074 0.090 |[|Male -0.029 0.005 -0.038 -0.020
Low-mid income 0.018 0.004 0.009 0.026 [Low-mid income 0.033 0.005 0.023 0.043
Up-mid income 0.032 0.007 0.018 0.045 [[Up-mid income 0.064 0.008 0.048 0.080
High income 0.046 0.010 0.027 0.066 |High income 0.063 0.012 0.040 0.086
Held back -0.272 0.008 -0.287 -0.256 [[Held back -0.220 0.008 -0.236 -0.204
School-level School-level

main effects§ Coef. S.E. 95% C.I.  |[main effects§ Coef. S.E. 95% C.I.
Subs. Indep. school 0.055 0.014 0.028 0.081 [Subs. Indep. school 0.049 0.011 0.029 0.070
Independent school 0.028 0.044 -0.062 0.111 [Independent school 0.051 0.034 -0.015 0.116
Low-mid school SES 0.119 0.020 0.079 0.157 [Low-mid school SES 0.090 0.015 0.060 0.118
Middle school SES 0.335 0.021 0.294 0.375 |Middle school SES 0.273 0.016 0.240 0.304
Up-mid school SES 0.573 0.027 0.519 0.625 [Up-mid school SES 0.453 0.020 0.413 0.493
Upper school SES 0.764 0.048 0.674 0.862 |[Upper school SES 0.609 0.038 0.535 0.686
Pupil-level Pupil-level

Interaction effectst Coef. S.E. 95% C.I.  [interaction effects¥ Coef. S.E. 95% C.I.
Prior att. & Male -0.008 0.003 -0.014 -0.003|Prior att. & Male -0.050 0.003 -0.056 -0.044

Prior att. & Low-mid inc.  0.011 0.003 0.005 0.017 |Prior att. & Low-mid inc. -0.009 0.003 -0.015 -0.002
Prior att. & Up-mid inc. 0.017 0.005 0.007 0.026 (Prior att. & Up-mid inc. 0.004 0.006 -0.006 0.015
Prior att. & Highincome  0.012 0.006 0.001 0.023 |Prior att. & Highincome 0.001 0.007 -0.012 0.014
Prior att. & Held back -0.074 0.005 -0.084 -0.064 |[Prior att. & Held back -0.072 0.005 -0.082 -0.062
Male & Low-mid income -0.013 0.006 -0.025 -0.001|Male & Low-mid income -0.004 0.007 -0.017 0.009
Male & Up-mid income -0.020 0.009 -0.038 -0.002|Male & Up-mid income  -0.014 0.011 -0.034 0.007
Male & High income -0.001 0.011 -0.023 0.021 [[Male & High income 0.020 0.012 -0.004 0.044
Male & Held back 0.082 0.009 0.064 0.099 [Male & Held back 0.024 0.010 0.005 0.044

T These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain length: 5,000;
burn-in: 500; storing all iterations.

T Reference categories for pupil-level variables: Female; Low income and Not held back.

§ Reference categories for school-level variables: State-funded school and Low school SES.

Table 5.9 displays the estimated fixed-effects parameters of the bivariate CVA model of
progress in Mathematics and Language controlling for pupil and school level explanatory
variables. It is observed here that only minor changes have been recorded in the estimated
main effects for the pupil-level variables with respect to the estimated parameters of the
previous model, which only controlled for pupil-level variables. The most pronounced change

in these parameters is recorded for upper-middle income children in Language, where the
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estimated fixed effect dropped from 0.111 to 0.063 (standard deviations). Another salient
feature is that the intercepts for both outcomes are much lower, although this is expected

given that this current model controls for additional variables.

Concerning the interactions at the pupil-level, it is noted that these parameters have only
suffered very slight changes with respect to the previous model. Considering that this model
also controls for the aggregated school-level variable socio-economic status, the small changes
in the estimated fixed effects related to income, either main or interaction, imply that the
parameters of this model are robust, and even though some overlapping is expected, issues

around multicollinearity are not evident.

With regard to the estimated fixed-effects of the school-level variables, it is first observed that
subsidised independent schools have a significantly higher effect on pupils' performance in
Mathematics and Language than State-funded schools (the reference category); thus, on
average pupils attending subsidised Independent schools are expected to score 0.055 and
0.049 standard deviations more in Mathematics and Language, respectively, than their peers
in State-funded schools. Meanwhile, the effect of attending an independent school is not
significantly different from zero, because the estimated 95% credible interval contains zero,
which implies that pupils in independent schools do not progress more than pupils in State-
funded schools. This can be considered as evidence that most of the gap between low-
achieving and high-achieving pupils is accounted for by socio-economic disparities. In other
words, although pupils in Independent schools are high achievers, their progress in
Mathematics and Language from primary to secondary schools is only as expected given their
socio-economic advantages in comparison to their socio-economically disadvantaged peers

attending State-funded schools.

On the other hand, as expected school socio-economic status has a large effect on
Mathematics and Language scores. All non-low SES schools record, on average, significantly
higher scores in both outcomes than low-SES schools, judging by the 95% credible intervals for
the estimated coefficients of the four dummy variables which do not contain zero. Although
school SES is an ordinal variable, and hence, a linear effect cannot be estimated, an upwards
trend is clearly appreciated. This trend shows that each higher school SES category has a larger
difference with respect to the category of low-SES schools in both outcomes. Furthermore,
none of the 95% confidence intervals for the estimated coefficients of each school SES
category overlaps with any other, which implies that there is a clear distinction between
schools according to their average socio-economic status. Thus, upper-SES schools are

expected to increase their pupils' progress by 0.764 standard deviations more than the low-SES
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schools, whereas upper-middle SES schools are expected to have only 0.573 standard
deviations more than low-SES schools in Mathematics. It is also noticed that differences
between schools in Language according to SES are still remarkable but not as large as they are
in Mathematics. For instance, upper-SES schools are expected to increase their pupils'
performance in Language by 0.609 standard deviations more than low-SES schools, while they
boost their pupils' performance in Mathematics even further by 0.764 standard deviations as

seen previously.

Concerning the random effects of this model, changes in the estimated correlations between

the intercepts at all levels have been recorded. The details are contained in Table 5.10.

In Table 5.10, it is appreciated that the correlation between the intercepts of Mathematics and
Language at the level of secondary schools has decreased from the one recorded in the
previous model (from 0.924 as recorded in Table 5.7 to 0.854). At the level of local authorities,
a similarly moderate decrease is also appreciated (from 0.966 to 0.910), while at the rest of
the levels, correlations remain mostly unchanged (differences are of 0.001 or less). Overall,
this indicates that school characteristics contributed in explaining only a small proportion of

the correlations recorded at each level.

Table 5.10: Random effects of the bivariate CVA model of progress in Mathematics and Language
controlling for pupil and school level fixed effects only (m3)

Level Parameterst Coef. S.E.  Correlation 95% C.I.
Var. (Intercept Maths) 0.058 0.003 -- 0.053 0.063
Secondary
schools Cov. (Int. Maths, Int. Language) 0.036 0.002 0.854 0.033 0.039
Var. (Intercept Language) 0.030 0.001 -- 0.027 0.033
Var. (Intercept Maths) 0.039 0.001 -- 0.037 0.041
Classes Cov. (Int. Maths, Int. Language) 0.024 0.001 0.782 0.023 0.026
Var. (Intercept Language) 0.025 0.001 -- 0.023 0.026
Var. (Intercept Maths) 0.279 0.001 -- 0.277 0.281
Pupils Cov. (Int. Maths, Int. Language)  0.081  0.001 0.251 0.079  0.082
Var. (Intercept Language) 0.370 0.001 -- 0.367 0.372
Var. (Intercept Maths) 0.005 0.001 -- 0.003 0.008
Local Authorities  Cov. (Int. Maths, Int. Language)  0.003  0.001 0.910 0.002  0.005
Var. (Intercept Language) 0.003 0.001 -- 0.002 0.004
Var. (Intercept Maths) 0.008 0.000 -- 0.007 0.009
Primary schools Cov. (Int. Maths, Int. Language)  0.004  0.000 0.758 0.004 0.005
Var. (Intercept Language) 0.004 0.000 -- 0.003 0.005

+ These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain length:
5,000; burn-in: 500; storing all iterations.

Table 5.11, below, displays the model fit comparison between the previous model which
controlled only for pupil-level explanatory variables (m2) and the current model which also
included school characteristics (m3). Although this specification significantly improves the
overall fit of the model, it is still unsatisfactory, since it makes the unrealistic assumption that
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pupil-level variables do not vary across schools. In this respect, it is particularly inaccurate to
assume that there is no significant variation in prior attainment in both outcomes across
schools. At the same time, gender has proved to have a rather distinct effect on each of the
outcomes, which makes it plausible that differences between genders can be found across
schools as well. The next model builds up on these ideas and parameterises prior attainment in
Mathematics and Language, as well as gender, as random effects at the level of secondary

schools.

Table 5.11: Model fit comparison between CVA bivariate model controlling for pupil characteristics
only (m2) and CVA bivariate model controlling for pupil and school characteristics (m3)

Parametert Pupil characteristics only Pupil and school characteristics
(m2) (m3)

DIC 615,020.807 614,882.1

pD 11,968.430 11,832.79

DIC (m2) - DIC (m3) - 135.64

Units: Pupils 180,575 180,575

Units: Classes 7,459 7,459

Units: Primary schools 5,537 5,537

Units: Secondary schools 2,438 2,438

Units: Local Authorities 320 320

T These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain length:
5,000; burn-in: 500; storing all iterations.
5.8. Does the relationship between prior and subsequent attainment in male and

female pupils in Mathematics and Language vary across secondary schools?

Two sub-models were fitted in this stage of the analysis. The first of these sub-models specifies
prior attainment in Mathematics and Language as random effects at the secondary school
level. The second sub-model specifies being male as a random coefficient with a variance
residual at the secondary school level as well as the previously fitted random coefficient for

prior attainment in both subjects.

Theoretically, these random coefficients could have also been specified at the other higher
levels (primary schools, classes and local authorities). However, the computational burden of
such models is not compensated with the little additional knowledge that could have been
gained from them. Since the focus of this modelling process is set at the secondary school level,
the other higher levels will only contain random intercepts, but acknowledging that the

existence of other underlying random processes is indeed plausible.

As observed in Table 5.12, the estimated fixed-effects parameters of this model closely match

the estimated parameters from the previous model in Table 5.9.
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There is no need to interpret the results from Table 5.12 any further than the interpretation
provided for Table 5.9. The novelty of this extension to the model is the estimated random
effects of pupil-level variables prior attainment in Mathematics and Language, as well as
gender. This implies that the random part at the secondary school level contains not only the
random intercepts of both outcomes and their corresponding covariance terms, but also the
random coefficients for prior attainment in both subjects, as well as gender of pupils,
alongside their corresponding covariance terms. The random part of the levels of pupils,
classes, primary schools and local authorities remain unchanged from the previous model
presented in Table 5.10, and hence these terms were suppressed from Table 5.13, for the sake

of simplicity.

Table 5.12: Fixed-effects parameters of the random-coefficients bivariate CVA model of progress in
Mathematics and Language controlling for pupil-level and school-level explanatory variables

Fixed effects Mathematicst ":ixed-effects Languaget

Pupil-level Pupil-level

main effects# Coef. S.E. 95% C.I.  ||main effectst Coef. S.E. 95% C.lI.
Intercept -0.337 0.015 -0.367 -0.3009 Intercept -0.240 0.012 -0.263 -0.218
Prior attainment 0.560 0.003 0.554 0.566 |Prior attainment 0.603 0.003 0.596 0.609
Male 0.079 0.005 0.070 0.088 |[Male -0.032 0.005 -0.041 -0.022
Low-mid income 0.017 0.004 0.008 0.026 [[lLow-mid income 0.033 0.005 0.022 0.042
Up-mid income 0.031 0.007 0.018 0.045 |Up-mid income 0.063 0.008 0.047 0.079
High income 0.044 0.010 0.026 0.065 |[High income 0.063 0.012 0.039 0.086
Held back -0.270 0.008 -0.285 -0.255 [Held back -0.219 0.008 -0.235 -0.203
School-level School-level

main effects§ Coef. S.E. 95% C.I.  |[main effects§ Coef. S.E. 95% C.1.
Subs. Indep. school 0.049 0.015 0.022 0.080 |[Subs. Indep. school 0.045 0.011 0.023 0.067
Independent school 0.012 0.045 -0.077 0.096 [Independent school 0.036 0.036 -0.036 0.106
Low-mid school SES 0.114 0.018 0.079 0.149 [[Low-mid school SES 0.086 0.014 0.059 0.116
Middle school SES 0.323 0.022 0.281 0.368 |[Middle school SES 0.263 0.017 0.231 0.296
Up-mid school SES 0.561 0.026 0.512 0.613 |[Up-mid school SES 0.444 0.020 0.404 0.485
Upper school SES 0.771 0.048 0.676 0.865 |[Upper school SES 0.616 0.039 0.540 0.694
Pupil-level HPupiI-IeveI

interaction effects¥ Coef. S.E. 95% C.I. interaction effects¥ Coef. S.E. 95% C..
Prior att. & Male -0.006 0.003 -0.012 0.000 (Prior att. & Male -0.049 0.003 -0.056 -0.042

Prior att. & Low-mid inc. 0.007 0.003 0.001 0.013 [Prior att. & Low-mid inc. -0.009 0.004 -0.016 -0.002
Prior att. & Up-mid inc.  0.011 0.005 0.001 0.020 |Prior att. & Up-midinc. ~ 0.002 0.005 -0.009 0.013
Prior att. & High income 0.008 0.006 -0.004 0.020 [Prior att. & Highincome -0.001 0.007 -0.015 0.013
Prior att. & Held back -0.070 0.005 -0.080 -0.060 [Prior att. & Held back -0.068 0.005 -0.078 -0.058
Male & Low-mid income -0.013 0.006 -0.025 -0.001 |Male & Low-mid income -0.004 0.007 -0.018 0.010
Male & Up-mid income -0.020 0.009 -0.038 -0.001[Male & Up-mid income  -0.014 0.011 -0.034 0.008
Male & High income -0.003 0.012 -0.024 0.019 [[Male & High income 0.019 0.013 -0.007 0.044

Male & Held back 0.084 0.009 0.066 0.102 [[Male & Held back 0.028 0.010 0.008 0.048

t These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain length: 5,000; burn-in: 500;
storing all iterations. All fixed-effects parameters have an effective sample size (ESS) of at least 5,500. ESS values are larger than
the chain length due to negative autocorrelation of some parameters. This unusual mixing of the random draws is likely to be
associated with the estimation of effects across two different outcomes. This negative autocorrelation could eventually be
remedied by increasing the thinning; however, this is not of primary interest and goes beyond the scope of this thesis.

¥ Reference categories for pupil-level variables: Female; Low income and Not held back.

§ Reference categories for school-level variables: State-funded school and Low school SES.
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The first outstanding element of the random part in Table 5.13 is that the random intercepts
and their corresponding covariance have not varied noticeably from what is recorded in the
previous model. On another front, four residual variances have also been estimated, namely:
the slope variances of prior attainment in Mathematics and Language, as well as the residual
variances associated with being a male in both subjects. These additional residual variances
are not interpreted in their own right, but with their associated covariance terms.

Table 5.13: Random effects at the secondary school level of the contextualised value-added bivariate

model of progress in Mathematics and Language controlling for the random effects of pupil-level
variables at the secondary school level (m4)

Parameterst Coef. S.E. Correlation 95% C.I.

Var. (Intercept Maths) 0.060 0.003 -- 0.055 0.065
Var. (Intercept Language) 0.028 0.002 -- 0.025 0.031
Cov. (Intercept Maths, Intercept Language) 0.036 0.002 0.873 0.032 0.039
Cov. (Prior att.Maths, Intercept Maths) 0.003 0.001 0.209 0.002 0.005
Cov. (Prior att. Maths, Intercept Language) 0.002  0.0005 0.210 0.001 0.003
Var. (Prior att. Maths) 0.004 0.0003 -- 0.004 0.005
Cov. (Prior att. Language, Intercept Maths) 0.004 0.001 0.284 0.002 0.005
Cov. (Prior att. Language, Intercept Language) 0.003  0.0005 0.338 0.002 0.004
Cov. (Prior att. Language, Prior att. Maths) 0.003  0.0002 0.817 0.002 0.003
Var. (Prior att. Language) 0.003  0.0003 -- 0.002 0.003
Cov. (Male Maths, Intercept Maths) 0.001 0.001 0.081 -0.001 0.003
Cov. (Male Maths, Intercept Language) 0.001 0.001 0.131 -0.00003 0.003
Cov. (Male Maths, Prior att. Maths) -0.0002 0.0003 -0.035 -0.001 0.001
Cov. (Male Maths, Prior att. Language) -0.0002 0.0003 -0.062 -0.001 0.0003
Var. (Male Maths) 0.005 0.001 - 0.003 0.006
Cov. (Male Language, Intercept Maths) 0.003 0.001 0.258 0.001 0.006
Cov. (Male Language, Intercept Language) 0.004 0.001 0.399 0.002 0.005
Cov. (Male Language, Prior att. Maths) 0.0001 0.0003 0.035 -0.001 0.001
Cov. (Male Language, Prior att. Language) 0.0004 0.0003 0.156 -0.0001 0.001
Cov. (Male Language, Male Maths) 0.002  0.0005 0.636 0.002 0.003
Var. (Male Language) 0.003 0.001 -- 0.002 0.004

T These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain length:
5,000; burn-in: 500; storing all iterations. Random effects at the levels of pupils, classes, primary schools and local
authorities have been suppressed for clarity and because they remain mostly unchanged from the previous model
(Table 5.10).

It can be appreciated that some of these covariance terms are not very informative in
substantive terms and thus can be neglected as they are close to zero. Nevertheless, they are
indeed statistically significant controls in the model. This is the case for some of the covariance
estimates associated with being a male pupil in Mathematics, and more specifically the
following: the covariance between the males' residual variance in Mathematics and the
Mathematics overall intercept; the covariance between the males' residual variance in
Mathematics and the Language overall Intercept; the covariance between the males' residual

variance in Mathematics and the slope variance for prior attainment in Mathematics; and the
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covariance between the male pupils' residual variance in Mathematics and the slope variance

for prior attainment in Language.

Other covariance estimates that are deemed negligible are associated with being a male pupil
in Language, that is the covariance between the males' residual variance in Language and the
slope variance for prior attainment in Mathematics. Finally, the covariance term between the
male pupils' residual variance in Language and the slope variance residuals for prior

attainment in Language is not too meaningful either.

All other covariance terms are deemed to have some potential to explore further the
phenomenon of school performance, since they reveal how school policies can have diverse
effects, depending on the subject and the pupils to whom they are applied. Overall, these
covariance terms indicate that secondary schools that perform well in Mathematics also
perform well in Language. A more thorough interpretation of these parameters is given after
the full model is presented subsequently. This two-step stage in the modelling is statistically

significant as Table 5.14 shows.

Table 5.14: Model fit comparison between CVA bivariate model controlling for pupil and school
characteristics (m3) and the intermediate Random Coefficients CVA bivariate models (m4.1 and m4.2)

Random Random
Pupil and school coefficients for coefficients for
Parametert characteristics prior attainment prior attainment
(m3) (m4.1) and gender
(m4.2)

DIC 614,882.1 613,570.9 613,358.3
pD 11,832.79 12,878.65 13,339.34
DIC (A) - DIC (B)* - 1,311.17 212.63
Units: Pupils 180,575 180,575 180,575
Units: Classes 7,459 7,459 7,459
Units: Primary schools 5,537 5,537 5,537
Units: Secondary schools 2,438 2,438 2,438
Units: Local Authorities 320 320 320

T These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain

length: 5,000; burn-in: 500; storing all iterations.

¥ Where A is the less complex model and B is the model complex model.
Table 5.14 shows that in spite of the increase in the number of effective parameters (pD), both
further extensions to the CVA bivariate model significantly improved the overall fit, regardless
of the increased complexity. Given that the variance of prior attainment in both subjects and
the variance associated with male pupils are not constant across secondary schools, a highly
plausible hypothesis is that these effects also vary significantly according to secondary school
characteristics. To explore this, it is necessary to specify cross-level interaction effects between

prior attainment in both subjects and school type as well as school SES, and also between

137



pupils' gender and these two school characteristics. The next section deals with this new

extension to the model.

5.9. Does progress in Mathematics and Language vary according to secondary

schools' characteristics?

As noted previously, this stage of the modelling process involves specifying cross-level
interaction effects to investigate the following questions: a) Does progress in Mathematics
vary according to school characteristics; b) Does progress in Language vary according to school
characteristics?; c) Does male pupils' progress in Mathematics vary according to school
characteristics; and d) Does male pupils' progress in Language vary according to school

characteristics?

These school characteristics are denoted with the secondary school-level variables "school
institutional type" and "school average SES", and hence including their interactions with the
pupil-level variables entail the estimation of 24 additional parameters. Results obtained from
an intermediate model showed that the interactions involving the gender of pupils and school
characteristics did not turn out to be significant, and thus the 12 associated parameters were
suppressed from the final model. Therefore, the full model includes all the estimated effects
from the previous models as well as 12 additional parameters corresponding to the cross-level
interactions between prior attainment in both subjects and the school characteristics. This is
the final model in this process and so it was estimated using a longer MCMC chain (215,000
iterations) to ensure the robustness of the final estimates. Extended MCMC information from

the full model can be found in Appendix 2.2.

There are a few outstanding features in Table 5.15; firstly, most of the pupil-level and school-
level main effects have shown broadly similar values to those in the previous sections.
However, the only pupil-level interaction effect that has remained significant is the interaction
between pupils' gender and pupils' retention in both subjects, where it is observed that male
pupils who have been made to repeat at least one year during primary school make more
progress than their female peers in the same conditions (as noted also in Table 5.6). On the
other hand, the interactions between prior attainment and self-reported average household
income in both subjects as well as the interactions between pupils' gender and income have
become non-significant. This is most likely due to the specification of the cross-level
interaction between prior attainment and average school SES, which partially overlaps with the
pupil-level variable income. Full details of this intermediate model can be found in Appendix

2.1.
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Table 5.15: Fixed-effects parameters from the full CVA bivariate model for progress in Mathematics
and Language, including cross-level interaction effects.

Fixed effects Mathematicst Fixed effects Languaget

Pupil-level Pupil-level

main effectst Coef. S.E. 95% C.l. main effectst Coef. S.E. 95% C.I.
Intercept -0.342 0.016 -0.372 -0.312 (lintercept -0.234 0.012 -0.257 -0.210
Prior attainment 0.551 0.006 0.540 0.563 [[Prior attainment 0.615 0.006 0.604 0.626
Male 0.079 0.005 0.070 0.088 |Male -0.033 0.005 -0.042 -0.023
Low-mid income 0.016 0.004 0.008 0.025 |Low-midincome 0.032 0.005 0.022 0.041
Up-mid income 0.032 0.007 0.018 0.046 |Up-midincome 0.067 0.008 0.051 0.082
High income 0.044 0.010 0.025 0.062 |Highincome 0.065 0.011 0.044 0.086
Held back -0.269 0.008 -0.284 -0.254 |Held back -0.220 0.008 -0.236 -0.203
School-level School-level

main effects§ Coef. S.E. 95% C.I. main effects§ Coef. S.E. 95% C.1.
Subs Indep. school 0.059 0.016 0.029 0.090 ||Subs Indep. school 0.049 0.012 0.026 0.072
Independent school 0.022 0.045 -0.067 0.110 [(independent school 0.023 0.036 -0.048 0.094
Low-mid school SES 0.104 0.019 0.067 0.141 [[Low-mid school SES 0.071 0.015 0.043 0.100
Middle school SES 0.320 0.022 0.278 0.363 [Middle school SES 0.254 0.017 0.222 0.287
Up-mid school SES 0.554 0.026 0.503 0.605 [Up-mid school SES 0.436 0.020 0.396 0.475
Upper school SES 0.775 0.049 0.680 0.872 |Upper school SES 0.622 0.039 0.544 0.700
Pupil-level Pupil-level

interaction effects# Coef. S.E. 95% C.1. interaction effects# Coef. S.E. 95% C.1.
Prior att. & Male -0.006 0.003 -0.012 0.0002 |[Prior att. & Male -0.050 0.003 -0.056 -0.043
Male & Low-mid inc. -0.013 0.006 -0.025 -0.001 (|Male & Low-mid inc. -0.002 0.007 -0.016 0.012
Male & Up-mid inc. -0.019 0.009 -0.038 -0.001 |[Male & Up-mid inc. -0.014 0.011 -0.035 0.007
Male & High income -0.002 0.012 -0.024 0.021 [Male & High income 0.019 0.013 -0.006 0.044
Prior att. & Held back -0.068 0.005 -0.078 -0.058 |[Prior att. & Held back -0.069 0.005 -0.080 -0.058
Male & Held back 0.084 0.009 0.066 0.102 |Male & Held back 0.029 0.010 0.009 0.049
Cross-level Cross-level

interaction effects$§ Coef. S.E. 95% C.I. interaction effects$§ Coef. S.E. 95% C.1.

Prior att. & Subs. Indep. 0.012 0.005 0.002 0.022 ||Prior att. & Subs. Indep. -0.001 0.005 -0.010 0.009
Prior att. & Indep. school 0.015 0.018 -0.020 0.050 |[Prior att. & Indep. school 0.033 0.019 -0.004 0.070
Prior att. & Low-mid SES ~ -0.010 0.006 -0.023 0.002 (Prior att. & Low-mid SES -0.023 0.006 -0.035 -0.011
Prior att. & Middle SES 0.022 0.007 0.008 0.036 [Prioratt. & Middle SES -0.014 0.007 -0.028 -0.001
Prior att. & Up-Mid SES 0.023 0.009 0.005 0.040 ||Prior att. & Up-Mid SES -0.010 0.009 -0.026 0.007
Prior att. & Upper SES -0.016 0.019 -0.053 0.021 |[Prior att. & Upper SES -0.052 0.020 -0.091 -0.013

T These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain length: 215,000; burn-in: 500;
storing all iterations. All fixed-effects parameters have an effective sample size of at least 3,800.

¥ Reference categories for pupil-level variables: Female; Low income and Not held back.

§ Reference categories for school-level variables: State-funded school and Low school SES.

From the cross-level interaction effects, some evidence is found that progress in Mathematics
varies slightly according to schools' institutional type, where the interaction between prior
attainment in Mathematics and subsidised independent school is significant. This implies that
the slope of prior attainment in Mathematics is slightly steeper for pupils in subsidised
independent schools in comparison to their peers in state-funded schools. On the other hand,

there is no evidence that the slope of prior attainment is steeper for pupils in independent
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schools compared with pupils in State-funded schools (the reference category). In the case of
Language, the interaction between prior attainment and school institutional type did not turn
out to be significant, which means that the relationship between prior attainment (covariate)
and subsequent attainment (outcome) in Language does not vary according to institutional

type.

In the case of average school SES, evidence is found that the slope of prior attainment in
Mathematics varies across SES levels, although this slope is not significant for all levels. Only
pupils in middle SES and upper-middle SES schools make slightly more progress, i.e. the linear
relationship between prior and subsequent attainment is steeper, than that of their peers in
low-SES schools (the reference category), while pupils attending upper-SES schools do not
seem to make more progress than pupils in low-SES schools. Meanwhile, no such evidence has

been found for progress in Language, where none of these interactions are significant.

Regarding the random part of this full model, some variance and covariance estimates at the
secondary school level have changed slightly from those presented in Table 5.13. Nonetheless
this seeming instability is the result of a non-converged MCMC chain reported above, due to
the difficulty of estimating such small random effects and the relatively limited length of the
chain, which was not sufficient to produce an acceptable number of uncorrelated simulated
random samples. Nevertheless, its length was indeed enough for model exploration and
somewhat limited inference. These results are more reliable insofar as the MCMC chain has

indeed converged after 215,000 iterations.

In Table 5.16, it can be observed that most of the random-effects parameters at the secondary
school level are broadly similar to the ones reported in Table 5.13. Since the slope residual
variances for the pupil-level variables male (gender) and prior attainment (in Mathematics and
Language) cannot be interpreted in their own right, it is better to focus on the covariance

terms, which are more easily interpreted using the estimated correlations.
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Table 5.16: Random-effects parameters of the full random coefficients bivariate CVA model
controlling for pupil and school level explanatory variables and cross-level interaction effects.

Levels Parameterst Coef. S.E.  Correlation 95% C.I.
Var. (Intercept Maths) 0.059 0.003 -- 0.054  0.065
Var. (Intercept Language) 0.028 0.002 - 0.025 0.031
Cov. (Int. Maths, Int. Language) 0.035 0.002 0.873 0.032 0.039
Cov. (Prior att. Maths, Int. Maths) 0.003 0.001 0.204 0.002 0.004
Cov. (Prior att. Maths, Int. Language) 0.002 0.0005 0.214 0.001 0.003
Var. (Prior att. Maths) 0.004 0.0003 -- 0.003 0.005
Cov. (Prior att. Language, Int. Maths) 0.003 0.001 0.288 0.002 0.005
Cov. (Prior att. Language, Int. Language) 0.003 0.0005 0.344 0.002 0.004
Cov. (Prior att. Language, Prior att. Maths) 0.003 0.0002 0.836 0.002 0.003
Var. (Prior att. Language) 0.002 0.0003 - 0.002 0.003
Secondary
schools Cov. (Male Maths, Int. Maths) 0.002 0.001 0.111 -0.0004 0.004
Cov. (Male Maths, Int. Language) 0.002 0.001 0.149 0.0001 0.003
Cov. (Male Maths, Prior att. Maths) 0.00004 0.0003 0.010 -0.001 0.001
Cov. (Male Maths, Prior att. Language) -0.0001 0.0003 -0.044 -0.001 0.0005
Var. (Male Maths) 0.004 0.001 - 0.003  0.006
Cov. (Male Language, Int. Maths) 0.004 0.001 0.292 0.002  0.006
Cov. (Male Language, Int. Language) 0.004 0.001 0.422 0.002 0.005
Cov. (Male Language, Prior att. Maths) 0.0002 0.0003 0.054 -0.0005 0.001
Cov. (Male Language, Prior att. Language) 0.0005 0.0003 0.182 -0.0001 0.001
Cov. (Male Language, Male Maths) 0.002 0.001 0.647 0.001  0.003
Var. (Male Language) 0.003 0.001 -- 0.002  0.004
Var. (Intercept Maths) 0.039 0.001 - 0.037 0.041
Classes Cov. (Int. Maths, Int. Language) 0.025 0.001 0.784 0.023 0.026
Var. (Intercept Language) 0.025 0.001 -- 0.023 0.026
Var. (Intercept Maths) 0.276 0.001 -- 0.274  0.278
Pupils Cov. (Int. Maths, Int. Language) 0.079 0.001 0.248 0.077  0.081
Var. (Intercept Language) 0.368 0.001 - 0.365 0.370
Var. (Intercept Maths) 0.004 0.001 - 0.002  0.006
t\?.l(:‘j\lorities Cov. (Int. Maths, Int. Language) 0.003 0.001 0.858 0.001 0.004
Var. (Intercept Language) 0.002 0.001 -- 0.001 0.004
. Var. (Intercept Maths) 0.007 0.0004 -- 0.007 0.008
::L";Z:: Cov. (Int. Maths, Int. Language) 0004 00003 0765 0003 0.005
Var. (Intercept Language) 0.004 0.0003 - 0.003 0.004

T These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain length: 215,000; burn-in:
500; storing all iterations. All random-effects parameters have an effective sample size of at least 1,000.

Out of all these correlations, there are three very high correlations worth emphasising. Firstly,
the correlation between the intercepts of Mathematics and Language (0.873) indicates that a
secondary school performing well in Mathematics is highly likely to perform well in Language,
and vice versa (see: Figure 5.3). Secondly, the slopes of prior attainment in Mathematics and
Language are also unsurprisingly highly correlated (0.836), which implies that secondary
schools that make more progress than the average secondary school in Mathematics also
make more progress in Language than average, and vice versa. Thirdly, the residual variance

associated with being a male pupil in Mathematics and the residual variance associated with
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being a male in Language are not as highly correlated (0.647) as the previous examples, but
the pattern is clear: secondary schools that are make a better contribution for male pupils'
progress in Mathematics also make better a contribution for them in Language, and vice versa
(see: Figure 5.4). Some of these relationships can be appreciated more clearly in Figures 5.3
and 5.4 below.

Correlation between Schools' Mathematics and Language
CVA scores derived from a 5-level bivariate CVA model

School Language CVA scores

Figure 5.3: Correlation between the random intercepts of Mathematics and Language at the
secondary school level

Relationship between School residuals
of male pupils in Language and Maths

.05
1

-.15 -1 -.05 0 .05 1 .15
School Residuals of Male pupils in Language

Figure 5.4: Relationship between the residual variance associated with being a male pupil in
Mathematics and Language at the secondary school level

On another front, relationships between the intercepts of both outcomes at the other levels of
the structure closely resemble those previously reported. At the level of classes, local
authorities and primary schools, the correlations between Mathematics and Language are very
high (0.784, 0.858 and 0.765, respectively), which means that the averages at all levels in

Mathematics and Language are positively correlated. At the level of pupils, as noted above, the
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relationship between performance in Mathematics and performance in Language reflects on a
totally different process than what occurs at the higher levels of the structure. The relatively
weak correlation between the two subjects at this level results from the high heterogeneity of
pupils and their diverse characteristics, as well as abilities, while at the level of classes, schools
(primary and secondary) and local authorities, correlations between the subjects reflect upon
the diverse policies, settings, resources, etc.

Table 5.17: Model fit comparison between random coefficients CVA bivariate model and full model
(including cross-level interaction effects)

parametert Random coefficients for prior Full bivariate CVA
attainment and gender (m4.2) model (m5)

DIC 613,358.3 613,323.3

pD 13,339.34 13267.52

DIC (m4.2) - DIC (m5) - 35

Units: Pupils 180,575 180,575

Units: Classes 7,459 7,459

Units: Primary schools 5,537 5,537

Units: Secondary schools 2,438 2,438

Units: Local Authorities 320 320

T These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain length:
m4.2: 5,000 iterations; m5: 215,000 iterations. In both models: burn-in: 500; thinning: 1.
Table 5.17 shows that the full model significantly improves the overall fit. Although the
deviance is not reduced as drastically as with previous intermediate models, the specification
of the full bivariate CVA model also reduces the number of effective parameters from the

previous model.

In the next section, the discussion is set out to underpin the practical knowledge that can be
gained from these results. More specifically, school accountability measures are derived and

described in detail.

5.10. What are the implications to school accountability measures derived from

this bivariate CVA model?

In a CVA model, a key assumption is that after controlling for all relevant factors that are
beyond the control of schools, i.e. pupils' characteristics or compositional effects, as well as
non-malleable school characteristics, the remainder of the variance at the level of schools can
be used to estimate the amount of value that schools add to their pupils' educational

trajectories.

Extending formulae from Chapter 3 to estimate school residuals with more than two levels of
variation, CVA scores have been estimated for Mathematics and Language. Figure 5.5 depicts

the ranked estimated school CVA scores in both subjects.
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Ranking of school Maths CVA scores Ranking of school Language CVA scores
in a 5-level bivariate model with 95% confidence intervals in a 5-level bivariate model with 95% confidence intervals
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Figure 5.5: Secondary school rankings in Mathematics and Language derived from the 5-level bivariate
CVA model

When comparing both sets of estimated CVA scores, it is appreciated that the distribution of
school effects in Mathematics is wider than in Language. Furthermore, about 9% of schools are
below the national average (red line at 0 in the y-axis) in Mathematics, while about 9% is
above average. These percentages in Language are approximately 7%. From these estimated
effects, it can be argued that secondary schools add more value in Mathematics than they add

in Language to their pupils.

On another front, when comparing residuals from the univariate 4-level models for
Mathematics and Language, only a 4% (approx.) are below (and above) average in both
subjects. In contrast, when comparing the residuals from the bivariate CVA model for both
subjects, there is a higher rate of agreement between subjects. Approximately a 6% of schools

are below (and above) the national average.

As seen in Chapter 4, based on whether the confidence interval of a school CVA estimate
overlaps or not with the national average, a simple 3-level classification can be derived: 1)
schools below the national average; 2) average schools; and 3) schools above the national
average. In the bivariate case, though, there are two sets of school effects, i.e. one for
Mathematics and another for Language. Therefore, schools can have diverse classifications
according to subjects. When schools are classified as above average in one subject but not the
other, they are classified as average. The reverse works in the same way: when schools are
classified as below average in one subject but not the other, they are classified as average. It is
worth noting that no schools are classified as above average in one subject and below average

in another. Consequently, there are no huge discrepancies. In Table 5.18, the classifications
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derived from the traditional CVA model (2-level model) and the extended bivariate CVA model

(5-level model) are presented for comparison.

5.18: Comparison of school classifications in the traditional 2-level CVA model and the bivariate 5-
level CVA model

Bivariate CVA model

Traditional CVA model Below average Average Above average Total Percentaget
Below Average 130 106 0 236 9.68%
Average 16 1,880 8 1,904 78.10%
Above average 0 162 136 298 12.22%
Total 146 2,148 144 2,438 100%
Percentaget 5.99% 88.11% 5.91% 100%

Note: The diagonal shows the agreement between the models. 2,146 (88.02%) schools remain in the same
category in both models.

T Within bivariate CVA model classifications.

¥ Within traditional CVA model classifications. Classifications were derived from two univariate CVA models.

In Table 5.18 above, it is appreciated that the agreement between both models is fairly high
(88.02%). However, discrepancies can be deemed as highly relevant from a substantive point
of view. In a traditional 2-level CVA model, 162 (6.64%) schools are wrongfully classified as
“above average”, whereas they are “average” according to the 5-level bivariate model. In turn,
in a traditional 2-level CVA model, 106 (4.35%) schools are unfairly classified as “below
average”, whereas they are “average” according to the 5-level bivariate model. As was the
case in chapter 4, this comparison between models can derive into a two-sided argument. On
the one hand, one can argue that schools classified as above average in a traditional 2-level
CVA model are unfairly downgraded to average in a 5-level bivariate CVA model, while schools
classified as below average in the 2-level model are groundlessly upgraded to average in the 5-
level model. On the other hand, one can make the same case, mutatis mutandis, to favour the
5-level model. To sort out these allegations, one should bear in mind the purpose of the CVA
model. Given that the 5-level model effectively controls for statistically significant sources of
variation external to the schools and the pupils that the traditional models do not take into

account, one should presume that comparisons derived from it are fairer.

These discrepancies are of the utmost importance when considering the repercussions of
schools being classified in certain categories. As discussed previously, in a high-stakes
accountability system, such as the one to be implemented in the Chilean education system,
underperforming schools can be subject to extreme measures, such as closure. Naturally, the
debate is still open with respect to how models for school accountability should be
implemented. However, it is apparent from these analyses that the traditional approach is

insufficient to deal with the complexity of the school performance phenomenon.
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5.11. Conclusions

A 5-level cross-classified bivariate CVA model for progress in Mathematics and Language was
implemented to analyse the intricacies of school performance and to draw relevant
conclusions about the effectiveness of Chilean schools. The full model is a highly complex
specification that attempts to give more insight into how much schools contribute to the
educational trajectories of their pupils, by controlling for the most relevant factors that go
beyond what any given school can regulate or intervene. This is done with the purpose of

isolating the "true" school effects.

From this analysis, it can be concluded, firstly, that progress in Mathematics and Language are
undoubtedly related to each other and they need to be analysed accordingly. This is also
complementary to the idea that school effectiveness is not a unidimensional phenomenon,
because neither schools teach curriculum subjects completely separated from each other nor
do pupils learn in an isolated way. Provided that the data are available, school value-added
models should take into account all possible relationships between academic outcomes in
different subjects, as well as non-academic educational outcomes. A thorough analysis of a
model such as the latter, where academic and non-academic outcomes are analysed
simultaneously is developed by Timmermans (2012). For this research, there are no data
available to analyse neither further subjects nor non-academic outcomes, which is
undoubtedly a shortcoming. However, this does not undermine the value of this analysis on its
own right, because it brings together a more integrative vision of school effectiveness, along

with the necessary technical sophistication.

The second main conclusion from this chapter is that the bivariate CVA model is worthwhile in
spite of its ever-increasing complexity. This is due to its power to discriminate better amongst
underperforming, outperforming and average schools in a way that is still consistent with less
complex models, such as the one presented in the previous chapters, as well as the traditional
2-level CVA model. It is consistent because it successfully identifies broadly the same most and
least effective schools as less complex models, while it discards others that were misclassified

under those categories, when instead they were actually average-performing.

Thirdly, in this chapter it has also been demonstrated that the analysis of pupils' educational
outcomes needs to incorporate information about previously attended schools to estimate the
contribution of the currently attended school more precisely. It has been demonstrated that
carry-over effects from primary school into secondary school are relevant and their estimation

can grant more reliability to school comparisons.
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Finally, as mentioned in the previous chapter, this further extension to the traditional CVA
models (and the models presented in Chapter 4) embodies a richer and broader concept of
school effectiveness. This, in turn, lays out a set of non-trivial and non-negligible adjustments
of the utmost relevance when feeding back diverse stakeholders, namely: parents, head
teachers, local education authorities, policy makers, etc. This bivariate CVA model is ultimately
a valuable tool that takes a more thorough account of the complexity of the school

performance phenomenon.

In the next chapter, the analysis turns to a different aspect of academic performance, shifting
the focus towards the investigation of the effects of malleable factors with the purpose of

informing internal school accountability.
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Chapter 6: Exploring the effect of cultural capital on pupils' academic
performance for internal school accountability

6.1. Introduction

In Chapters 4 and 5, the focus of the analyses has been set upon the multiple challenges that
estimating school value-added entails. It was demonstrated that using traditional CVA models,
i.e. a 2-level model for current test scores controlling for prior attainment and socio-economic
status at the level of pupils and schools, fails to capture the complexities of academic
performance in a way that is not negligible because of its potential consequences when
reporting back to stakeholders. In other words, an educational accountability system with
incomplete information reported by a less-than-satisfactory statistical model is fundamentally
flawed and remedial actions need to be sought with regard to the way in which the data are

analysed.

As the aforementioned implies, the previous chapters have been mainly focusing on the
variation between secondary schools and how to estimate school effects more precisely. In
this chapter, the main focus of the analysis is shifted back to the pupils, while maintaining a
careful lookout on the relevant issues around the necessary extensions to the traditional CVA

models discussed in the previous chapters.

In this chapter, the analysis mainly aims to illustrate an alternative approach to unravel the
complexity of the school performance phenomenon and to ascertain the socio-economic
gradient in a way that is more accessible from a public policy viewpoint. This ultimately
contributes to inform internal school accountability with the purpose of school improvement.
Since previous chapters have been focused on the issue of informing the public in general,
parents and/or guardians, stakeholders and government officers about the effectiveness of
schools, the most challenging aspects of the analyses that were taken into account are related
to methods used and the selection of variables to distinguish the school-level variation more
precisely to be able to pinpoint the effects particularly attributable to each school more
reliably. This chapter seeks, therefore, to analyse the effect of cultural capital as a meaningful
influential factor on pupils' progress over which schools can actually intervene to improve their

own practices and results.

In the first section of this chapter, the way in which the cultural capital indicator was
constructed using confirmatory factor analysis for ordered categorical data is described. In the
next section, the implementation of a series of multilevel models to analyse the effect of
cultural capital on Mathematics and Language performance is detailed following the analytical

strategy outlined in Chapter 3. Here, many different hypotheses are tested by developing
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several different specifications of a bivariate multilevel model. Finally, in the last section, some

relevant conclusions are drawn from these analyses.

6.2. A measurement model for cultural capital as a latent variable

In order to avoid possible problems of multicollinearity by adding different variables
theoretically related to cultural capital and to each other, a latent variable approach can be
adopted. As mentioned in Chapter 3, four variables imported from the parents' survey can be
thought of as a realisation of the latent construct "cultural capital" (Bourdieu, 1986). These
four variables are: a) parents' qualifications; b) number of books in the household; c)
frequency with which pupils read "for pleasure" (fiction books, novels and/poetry, magazines,

newspapers, etc.); and d) frequency with which parents read "for pleasure".

The choice of items is rooted in the literature as discussed in chapter 2; although it is also
constrained by data availability. Additional items related to ownership of other resources such
as calculators and computers were considered; however, they were very likely to constitute
proxies for (or were very closely related to) family income. These variables were therefore
disregarded insofar as they were judged to be redundant in the subsequent multilevel models,

in which income was accounted for.

The confirmatory factor analysis model theorises the latent variable "cultural capital" to be
caused by the realisation of the four variables already mentioned. The estimated coefficients

of this model are displayed in Table 6.1.

The first part of Table 6.1 (below) displays the coefficients (or loadings) for each variable of the
measurement model. It is appreciated that the two most important variables in the model are
number of books (0.798) and parents' qualifications (0.669). Reading frequencies for pupils
and parents are also significant; however their loadings are relatively smaller (0.421 and 0.418,
respectively). Meanwhile, the second part of Table 6.1 presents the estimated thresholds for
the categories within each variable of the measurement model. Thresholds indicate the point
in the theoretical standard normal distribution (mean of 0 and standard deviation of 1) of the
latent variable of cultural capital, in which the current category is more likely than the previous
one. Given that the categories are ordered in nature, a distinct upwards trend is observed in all
thresholds and, as expected, the lowest categories are associated with negative values of

cultural capital.
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Table 6.1: Estimated coefficients of the measurement model of the cultural capital latent variable
indicator

Manifest variables  Coefficients* Estimate  Std. Err.
Cultural Capital BY  pyrents' qualifications 0.669 0.003
Number of books 0.798 0.003
Pupils' reading frequency 0.421 0.003
Parents' reading frequency 0.418 0.003
Thresholds* Categories Estimate  Std. Err.
Number of books  petween 1 and 10 books -2.256 0.008
Between 11 and 50 books -0.771 0.003
Between 51 and 100 books 0.34 0.003
More than 100 books 0.914 0.003
Parents' Secondary school -0.884 0.003
qualificationst Vocational education 0.437 0.003
University degree or postgraduate  0.867 0.003
Pupils' reading Never -1.139 0.004
frequencyt Rarely -0.827 0.004
Sometimes 0.274 0.003
Always 1.156 0.004
Parents' reading Sometimes every month -1.335 0.004
frequency? Sometimes every week -0.364 0.003
Daily 0.71 0.003

* All estimated coefficients and thresholds are significant at the 0.001 level.
T Reference categories are: None; Primary or less; Pupil does not have any; Never.

In Table 6.2, the measures of goodness of fit of the estimated model are presented. There is
abundant literature discussing the diverse goodness of fit measures to be taken into account
when specifying latent variable models. Specifically, from the Structural Equation Modelling
literature, criteria for judging the goodness of fit of this measurement model were taken from
diverse sources Hooper et al. (2008), Yu (2002), Kaplan (2009), Kline (2011) as well as Finney
and DiStefano (2006). Firstly, the Chi-square measure does not support the hypothesis that
this measurement model is indeed a good model; however, researchers have shown that large
sample sizes tend to make this index oversensitive (Kaplan, 2009), and hence alternative

measures need to be taken into consideration.

Table 6.2: Goodness of fit of the confirmatory factor analysis for ordered categorical data of the latent
variable "cultural capital”

Goodness of fit indices Value

Chi-square (df, p) 1697.38 (2, p<0.001)
WRMR (Weighted Root Mean Square Residual) 7.526

TLI (Tucker-Lewis Index) 0.96

CFl (Comparative Fit Index) 0.987
RMSEA (Root Mean Square Error of Approximation) 0.065

The WRMR is the modified version of the Standardised Root Mean Square Residual (SRMR),

when the WLSMV estimator is used. This index seems to be showing that the model is a poor
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fit, because its value is far above the recommended value of 1.00 (Finney & DiStefano, 2006;
Yu, 2002); however, this index has not been proved to behave stably in simulation studies,
overrejecting trivially misspecified models (Yu, 2002) and for that reason, caution is suggested

when using this index to assess goodness of fit.

The comparative fit indices to a baseline model (TLI and CFl) indicate a more than acceptable
fit, where some researchers recommend to judge a model as acceptable with values over 0.95
for both indices (Hooper et al., 2008; Kaplan, 2009; Kline, 2011). The RMSEA index also shows
a fairly good fit with a value of 0.65. Some researchers favour models with RMSEA values
below 0.8 (Hooper et al., 2008), but others use 0.5 as the cut off value for RMSEA (Finney &
DiStefano, 2006; Kaplan, 2009; Kline, 2011). However, there is no consensus on the threshold
for RMSEA, which is why these indices need to be considered with caution, because other
authors consider a value around 0.06 to be well-behaved for hypothesis testing under certain

circumstances (Yu, 2002).

Given the discussed measures, the measurement model for the cultural capital indicator is
judged to have sufficient validity and appropriate fit, as well as pragmatic intrinsic value in
relation to the underlying theory. As mentioned before, the estimated latent variable is
constrained to have a mean of zero and a variance of one, and also all four measures of the
latent variable were allowed to be freely estimated. This is done with the purpose of obtaining
standardised factor scores from this model. These predicted standardised factor scores were
imported back to Stata (StataCorp, 2011) to run the multilevel models using the user-written

module "runmlwin" (Leckie & Charlton, 2013).

6.3. A multilevel analysis of the effect of cultural capital on academic progress

As mentioned previously, the multilevel models implemented in this chapter have been fitted
using the MLwiN software (Rasbash, Charlton, et al., 2012) via Stata (StataCorp, 2011) with the
"runmlwin" module (Leckie & Charlton, 2013). The estimation method used is the Iterative
Generalised Least Squares (IGLS) algorithm and the analytical strategy follows a bottom-up
pattern as described in Chapter 3. The models fitted throughout this chapter follow the

multilevel analytical strategy described in Chapter 3 and they are briefly described in Table 6.3.
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Table 6.3: Models implemented in Chapter 6

Model Description

Model 0.0 Empty bivariate 2-level model; pupils nested within secondary schools.

Empty bivariate 3-level model; pupils nested within secondary schools within local

Model 0.1 o
authorities.
Model 1 Bivariate 3-level model controlling for prior attainment only (not presented).
Model 2 Bivariate 3-level model controlling for prior attainment and cultural capital.
Model 3.1 Bivariate 3-level model controlling for prior attainment, cultural capital, income and
) the interaction between cultural capital and income.
Model 3.2 Bivariate 3-level model controlling for prior attainment, cultural capital and income.
Model 4 Bivariate 3-level model controlling for prior attainment, cultural capital, income and

average school-level cultural capital.

Bivariate 3-level model controlling for prior attainment, cultural capital, income,
Model 5 average school-level cultural capital and the random effects of prior attainment and
cultural capital at the school level.

In sum, the multilevel models in this chapter are fitted with the purpose of assessing the
impact of cultural capital on pupils' performance in Mathematics and Language. The
implemented models are bivariate multilevel models with standardised scores in Mathematics
and Language (SIMCE 2006) as the dependent variables, and the standardised cultural capital
indicator, alongside its polynomial terms (squared and cubed), as the independent variables.
This model also controls for the fixed effects of prior attainment (standardised scores SIMCE
2004) and its polynomial terms (squared and cubed), as well as the random effects of
secondary schools and local authorities. The final model also controls for socio-economic and

demographic characteristics of the pupils and the schools.

6.3.1. Bivariate variance components and raw value-added models

In this section, the purpose is to set the baseline models of progress as seen in Chapters 4 and
5. The random effects from the levels of classrooms and primary schools have been excluded
from this analysis for a number of empirical and theoretical reasons, as well as for parsimony.
This is also done with respect to the aim of this chapter, which is to analyse more deeply

pupils' heterogeneity and the socio-economic gradient that were described in Chapters 4 and 5.

Firstly, it is empirically plausible that the socio-economic segregation of primary schools does
not differ significantly from the segregation found in secondary schools, and as found in the
previous chapters, the random effect of primary schools is rather marginal compared to the

effect of secondary schools. Secondly, it appears that classrooms have little information to
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contribute to this analysis, since socio-economic segregation is mainly found between schools,
not within schools, which tend to be rather homogenous in terms of SES. Since the model is set
up nearly identically as in Chapter 5, the estimated parameters from the variance components

model only vary slightly. Results are presented below in Table 6.4.

As expected, the variance components reported in Table 6.4 closely match those reported in
Chapter 5. Needless to say, this bivariate variance components model is significantly better
fitting than a variance components with fewer levels (2-level model or single-level model) or
constrained to have a zero covariance between the two subjects (univariate multilevel models),
as also reported in Chapters 4 and 5. Likewise, as seen in previous chapters, a great proportion
of the total variance in Mathematics and Language scores is due to factors external to pupils'

abilities or characteristics.

Table 6.4: Bivariate variance components models with 2 and 3 levels.

Parameterst Model 0.0 Model 0.1
(2-level model) (3-level model)
Fixed Part Estimate Std. Err. Estimate Std. Err.
Intercept Maths 0.018 0.015 -0.124 0.024
Intercept Language 0.024 0.013 -0.109 0.022
Random Part Estimate  Std. Err. Estimate  Std. Err.
Level 1: Pupils
Variance (Int. Maths) 0.569 0.002 0.569 0.002
Covariance (Int. Maths, Int. Language) 0.347 0.002 0.347 0.002
Variance (Int. Language) 0.670 0.002 0.670 0.002
Level 2: Secondary schools
Variance (Int. Maths) 0.509 0.015 0.437 0.014
Covariance (Int. Maths, Int. Language) 0.433 0.013 0.367 0.012
Variance (Int. Language) 0.392 0.012 0.331 0.010
Level 3: Local Authorities
Variance (Int. Maths) -- -- 0.069 0.012
Covariance (Int. Maths, Int. Language) - -- 0.063 0.011
Variance (Int. Language) -- -- 0.058 0.010
Model fit information
Deviance 888,795.38 888,601.25
Chi-squared (df, p) -- 194.13 (3, p<0.001)
Number of parameters 8 11
AIC 888,811.38 888,623.25
N 202,605 202,605

T Obtained via IGLS estimation.

These models do not control for prior attainment and hence are not true value-added models,
as defined by Goldstein (1997). The next step in the modelling process is to set up a model that
controls for these measures in both outcomes; however, this step is not presented here since
it does not provide further information for the purpose of this chapter. This raw bivariate
model (model 1) closely matches the one reported in Chapter 5, with the exception of having

fewer levels.
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6.3.2. The non-linear effect of cultural capital on Mathematics and Language

performance

After specifying the raw bivariate VA models, the cultural capital indicator described in the first
section was put into the model. As mentioned earlier, "cultural capital" is a latent variable,
which implies that it is a relative measure whose distribution is imposed and its estimation is
heavily reliant upon the available data. This means that even though this estimated measure is
intended to be used as an explanatory variable in the model, its "true" effect is impossible to
observe. In any case, the use of the latent variable approach allows capturing information from
diverse sources, removing unwanted disturbances in the data and estimating the effect of a
conjuncture of variables, which seems to be appropriate to analyse the effect of a rather

elusive concept, such as cultural capital.

Table 6.5: Bivariate 3-level model controlling for prior attainment and cultural capital (model 2)

Fixed part Parameterst Coef. Std. Err. 95% C.l.
Intercept -0.057 0.010 -0.077 -0.036
Prior attainment 0.635 0.002 0.630 0.640
Prior attainment squared 0.035 0.001 0.033 0.037

Mathematics Prior attainment cubed -0.022 0001 -0.024 -0.021
Cultural capital 0.076 0.003 0.070 0.082
Cultural capital squared 0.001 0.002 -0.002 0.005
Cultural capital cubed -0.003 0.001 -0.006  -0.001
Intercept -0.054 0.008 -0.070 -0.038
Prior attainment 0.667 0.003 0.662 0.672
Prior attainment squared 0.026 0.001 0.023 0.028

Language Prior attainment cubed -0.032  0.001 -0.033 -0.030
Cultural capital 0.093 0.003 0.086 0.100
Cultural capital squared 0.013 0.002 0.010 0.017
Cultural capital cubed 0.004 0.002 0.001 0.007

Random part Parameterst Coef. Std. Err. 95% C.I.

Level 3: Local Variance (Int. Maths) 0.008 0.002 0.004 0.012

Authorities Covariance (Int. Maths, Int. Language)  0.006 0.002 0.003 0.009
Variance (Int. Language) 0.005 0.001 0.002 0.007

Level 2: Secondary Variance (Int. Maths) 0.114 0.004 0.107 0.121

schools Covariance (Int. Maths, Int. Language)  0.077 0.003 0.072 0.083
Variance (Int. Language) 0.066 0.002 0.061 0.070
Variance (Int. Maths) 0.314 0.001 0.312 0.316

Level 1: Pupils Covariance (Int. Maths, Int. Language) 0.098 0.001 0.096 0.099
Variance (Int. Language) 0.387 0.001 0.385 0.390

Model fit

Deviance 697,875

Number of 23

AIC 697,921

N 199,061

T Obtained via IGLS estimation.
¥ Chi-square test is not reported here, because no model comparison is intended. However, one can use the
information reported to derive such comparisons.
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The model presented in Table 6.5 is set up to specify the linear effect of prior attainment as
well as cultural capital alongside its non-linear effects; this means that cultural capital has been
squared to fit a curve to control for "floor effects" and cubed to fit a curve to control for
"ceiling effects". Alongside these non-linear effects of cultural capital, non-linearity is also
suspect and proved to be significant in the case of prior attainment in both subjects; these
polynomials are also included to differentiate between bottom and ceiling effects due to

cultural capital and due to prior attainment.

Polynomial terms are somewhat hard to interpret, therefore plotting the predictions from this

model can be useful. Below, Figure 6.1 depicts these relationships.

a) Predicted Scores in Mathematics b) Predicted Scores in Language
across Cultural Capital Indicator values across Cultural Capital Indicator values
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Figure 6.1: Predicted standardised SIMCE scores from bivariate 3-level model controlling for prior
attainment, cultural capital and the random effects of secondary school and local authority.

In Figure 6.1 a), it is appreciated that between -2 and 2 standard deviations of cultural capital
the relationship between Mathematics scores and cultural capital tends to follow a straight
pattern, although the line is not very steep. On another front, at extremely low values of
cultural capital (less than -2 standard deviations), the predicted trajectory of progress in
Mathematics is flat, which means that pupils with low cultural capital need to overcome a
greater gap to make progress in Mathematics than pupils with higher cultural capital. On the
other hand, at extremely high values of cultural capital (more than 2 standard deviations), the
predicted line tends to flatten once more. This decrease in the growth rate of progress in
Mathematics indicates that pupils with extremely high cultural capital can only make limited

progress.
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In Figure 6.1 b), a rather distinct pattern is observed, especially at the extremes of the
distribution of cultural capital (x-axis). An ascending curve is observed at the lowest values
(less than -2 standard deviations) of cultural capital, which implies that little increases in
cultural capital can make a larger difference than further increases at values between -2 and 2
of cultural capital. Then, between -2 and 2 standard deviations of cultural capital, a somewhat
straight line is recorded that is steeper than the straight line in Mathematics attainment, which
implies that the relationship between cultural capital and Language attainment is stronger.
Finally, at the highest values of cultural capital (beyond 2 standard deviations), another
ascending curve is recorded, which implies that pupils with extremely high levels of cultural

capital have an ever steeper rate of progress than any other pupil.

6.3.3. The effect of cultural capital versus the effect of income on academic

performance

Naturally, when analysing the effect of cultural capital, the existence of an underlying (perhaps
even confounding) effect on academic performance caused by income becomes suspect. By
specifying income as yet another explanatory variable in the model, it can be hypothesised
that the effect of cultural capital will tend to decrease or disappear altogether. Furthermore,
given that a relationship between cultural capital and income is indeed plausible, it is also

plausible that the effect of cultural capital on pupils' scores varies by income intervals.

The following models explore these hypotheses by specifying the set of dummy variables
related to average monthly household income (as reported in the parents' SIMCE survey) as
explanatory variables, with low income as the reference category, as well as the interaction
term between the cultural capital index and each of the income categories (again with low

income as the reference).

In Table 6.6, it is observed that none of the dummy variables that account for the interaction
between income and cultural capital turned out to be significant in the case of Mathematics
and only one of them in the case of Language, i.e. the interaction between high income and
cultural capital, where a significant positive difference is found with respect to low income
children. Nevertheless, since this is a set of variables affecting the outcome as a whole, their
significance needs to be analysed accordingly via a joint Wald test, which failed to
demonstrate significance. Moreover, when comparing the fit of models 3.1 and 3.2, it is
apparent that by removing the interaction term between income and cultural capital, the
overall fit is improved, which is revealed by the lower AIC value of model 3.2. The most

parsimonious model is therefore 3.2, where no interactions are specified.
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Table 6.6: Model comparison between bivariate model with (m3.1) and without (m3.2) a control for
the interaction between income and cultural capital

Fixed partt Mathematics Language
Model 3.1 Model 3.2 Model 3.1 Model 3.2
Coef. (s.e.) Coef. (s.e.) Coef. (s.e.) Coef. (s.e.)
Intercept -0.089 (0.011)*** -0.089 (0.011)*** -0.046 (0.008)*** -0.046 (0.008)***
Prior att. 0.63 (0.002)***  0.63 (0.002)***  0.665 (0.003)***  0.665 (0.003)***

0.034 (0.001)***
-0.022 (0.001)***
0.077 (0.004)***
0.001 (0.002)
-0.003 (0.002)*
0.062 (0.003)***
0.008 (0.003)*
0.02 (0.007)**
0.028 (0.012)*

Prior att. squared
Prior att. cubed
Cultural capital

Cult. capital-squared
Cult. capital-cubed
Male

Low-mid income
Up-mid income

High income

0.034 (0.001)***
-0.022 (0.001)***
0.075 (0.003)***
0.0001 (0.002)
-0.003 (0.001)*
0.062 (0.003)***
0.008 (0.003)*
0.016 (0.005)**
0.039 (0.008)***

0.026 (0.001)***
-0.031 (0.001)***
0.089 (0.004)***
0.009 (0.003)***
0.002 (0.002)
-0.042 (0.003)***
0.019 (0.004)***
0.032 (0.007)***
0.031 (0.013)*

0.026 (0.001)***
-0.031 (0.001)***
0.09 (0.004)***
0.012 (0.002)***
0.004 (0.002)*
-0.042 (0.003)***
0.018 (0.004)***
0.035 (0.006)***
0.053 (0.008)***

Low-mid inc. & Cult. Cap.¥ -0.004 (0.005) 0.002 (0.006)
Up-mid inc. & Cult. Cap.¥ -0.01 (0.008) 0.009 (0.009)
High inc. & Cult. Cap.* 0.009 (0.011) 0.029 (0.012)*
Model fit information Model 3.1 Model 3.2

Deviance 643,102.44 643,111.38

Number of parameters 37 31

AIC 643,176.44 643,173.38

N 183,142 183,142

* p<0.05; ** p<0.01; *** p<0.001.
t Obtained via IGLS estimation. Random-effects parameters are not included here for presentational purposes.
¥ Joint Wald test is not significant. Chi-squared=8.92 on 6df, p=0.1781.

From this analysis, it can be concluded that neither income moderates the relationship
between cultural capital and progress nor cultural capital moderates the relationship between
income and progress, which is the same to assert that the effect of cultural capital does not
vary according to income or vice versa. This could also seem to indicate that income and
cultural capital may have distinct effects on progress in Mathematics and Language, measuring

different aspects of the phenomenon.

After removing the interaction term between income and cultural capital, the model has been
simplified to a more parsimonious form. However, the only explanatory variables that are
specified so far are at the level of pupils, which implies that no controls have been set up to
analyse the influence of the school context. Educational research has demonstrated that peer
effects are an important source of variation in school performance, which is why it is highly
plausible that there is a contextual component to the effect of cultural capital on performance
in Mathematics and Language. This is step 4-onwards of the analytical strategy outlined in

Chapter 3.
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6.3.4. The contextual effect of cultural capital

So far, the bivariate multilevel models presented in this chapter have only been fitted with
pupil-level explanatory variables. However, it is widely known that the school context can
influence individual pupils' performance. For instance, a high-achieving (on average) school
could boost low-achieving pupils' performance in a way that low-achieving (on average)
schools could not. Likewise, cultural capital may operate in the same fashion; schools with high
average levels of cultural capital (in comparison to other schools) may foster better
performance from pupils with low cultural capital (or lower-than-average in their own schools).
In this respect, Torche (2005) refers to the Chilean case where peer effects resulting from
school sorting may be a mechanism through which the gap between schools grows. Since this
sorting is mainly economically driven, where parents and carers have limited school choice
according to their purchasing power, then the school sorting is also related to socio-economic

and cultural segregation.

In this section, the effects of the school-level explanatory variables are analysed. Firstly, the set
of dummy variables to indicate institutional type (State-funded, Subsidised Independent or
Independent) of the secondary school was included as in Chapters 4 and 5. Furthermore, the
contextual variable "school average cultural capital”, which is a summary of the pupil-level
cultural capital index (for parsimony, only the linear term without polynomials) at the
secondary school level, was also added. Alongside these two additional higher-level
explanatory variables, the following interaction terms were specified: interaction between
school type and cultural capital at the pupil level, between school type and school average
cultural capital, and between cultural capital at the pupil level and school average cultural

capital.

This specification allows to investigate some relevant intermediate research questions: a) Does
the effect of cultural capital at the pupil level vary across school types?; b) Does the effect of
school type vary across diverse school contexts in terms of average cultural capital?; and c)
Does the effect of cultural capital at the pupil level vary across school contexts with diverse

average cultural capital?

In Table 6.7, below, several interesting relationships are proved to affect pupils' progress in
Mathematics and Language significantly. Given that interaction effects have been specified in
this model, the main effects of the fixed part are not interpretable in their own right. When
interacting the institutional type of the schools with pupils' cultural capital, it is appreciated
that at the same level of cultural capital, pupils in subsidised independent schools and

independent schools make significantly less progress than pupils in State-funded schools in
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Mathematics. In the case of Language, when comparing pupils with the same level of cultural
capital, pupils in state-funded schools make more progress only with respect to pupils in
subsidised independent schools, and they do not differ significantly from pupils in independent
schools. The estimated random-effects parameters have been suppressed from Table 6.7 for
they are not of primary interest in this analysis, although they are relevant controls for the

model to work properly. Full details can be found in Appendix 3.1.

Table 6.7: Fixed-effects parameters of the full bivariate model including cross-level interaction effects

Mathematics Language
Parameterst Coef. (Std. Err.) Coef. (Std. Err.)
Main Intercept -0.065 (0.018)***  -0.025 (0.014)
effects Prior attainment 0.627 (0.003)*** 0.663 (0.003)***
Prior attainment squared 0.04 (0.001)*** 0.029 (0.001)***
Prior attainment cubed -0.021 (0.001)*** -0.031 (0.001)***
Cultural capital 0.076 (0.004)*** 0.092 (0.005)***
Cultural capital-squared 0.009 (0.002)*** 0.016 (0.003)***
Cultural capital-cubed -0.002 (0.002) 0.004 (0.002)*
Male 0.062 (0.003)*** -0.041 (0.003)***
Low-mid income 0.001 (0.003) 0.011 (0.004)**
Up-mid income -0.0004 (0.006) 0.018 (0.006)**
High income 0.008 (0.008) 0.01 (0.009)
Subsidised Independent 0.024 (0.018) 0.022 (0.014)
Independent 0.003 (0.077) -0.141 (0.063)*
School average Cult.Cap. 0.377 (0.031)*** 0.306 (0.024)***
Interaction Subs. Indep. & Cultural Capital -0.021 (0.005)*** -0.019 (0.005)***
effects Indep. & Cultural Capital -0.03 (0.013)* -0.02 (0.014)
Subs. Indep. & School average Cult. Cap.¥ 0.063 (0.035) 0.013 (0.027)
Indep. & School average Cult. Cap.F 0.094 (0.083) 0.209 (0.068)**
Cult. Cap. & School average Cult. Cap.§  -0.017 (0.007)* -0.006 (0.007)
Model fit Deviance 640,503
information  Number of parameters 54
AIC §§ 640,611
N 183,142

* p<0.05; ** p<0.01; *** p<0.001.

t Obtained via IGLS estimation. Random-effects parameters are not included here for presentational purposes.

¥ Joint Wald test is significant. Chi-squared=18.55 on 4df, p=0.001.

§ Joint Wald test is significant. Chi-squared=6.47 on 2df, p=0.039.

§§ Overall fit is improved with this specification. AIC from previous model is 643,173.38 (Table 6.6).
When analysing the school-level effect of cultural capital, another interesting feature can be
appreciated. The interaction between school institutional type and the school average cultural
capital is only significant for the dummy variable corresponding to independent schools and

school's cultural capital in the case of Language. This means that the average level of cultural

capital in independent schools represents an advantage for their pupils, but only in Language,
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where they are expected to outperform the rest of pupils. This is unsurprising as independent

schools are expected to have a higher average of cultural capital.

Finally, results shown in Table 6.7 also suggest that pupils may significantly benefit from the
average cultural capital of the school they attend to, because the higher the school-level
average cultural capital, the lower the coefficient of the individual pupil's cultural capital. This
implies that, for instance, from two pupils with relatively low cultural capital, the one that is
predicted to make the most progress is the one attending the school with the highest cultural

capital.

All the aforementioned complex relationships can be more easily observed in graphs as follows.
Firstly, the overall relationship between pupils' cultural capital and progress in Mathematics
and Language has not changed greatly as can be seen in Figure 6.2. However, some features do
stand out (in comparison to Figure 6.1). The most relevant and noticeable difference between
Figure 6.2 and Figure 6.1 is that the range of predicted scores has become slightly narrower
with predicted standardised scores in Mathematics going from -0.1 to just under 0.15 and from
just under -0.2 to just above 0.4 in Language. Predicted scores in Figure 1 went from -0.2 to 0.1
in Mathematics and from -0.3 to 0.4 in Language. This unsurprising range contraction is most
certainly the effect of controlling for income, gender, school type and school average cultural
capital. Nevertheless, the overall effect of cultural capital prevails confirming the patterns
depicted and described in Figure 6.1.
a) Predicted Scores in Mathematics b) Predicted Scores in Language
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o

|
|
|
|
= |
|
|
|
|
|

Predicted Scores in Mathematics
i
Predicted Scores in Language

-3 -2 -1 0 1 2 3 -3 -2 -1 0 1 2 3
Cultural Capital Indicator Cultural Capital Indicator

Figure 6.2: Predicted standardised SIMCE scores from full bivariate 3-level model.
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The interactions previously presented in Table 6.7 also revealed relevant relationships
between the explanatory variables and the progress of pupils in Mathematics and Language. In
the following graphs, the effect of cultural capital on academic performance is moderated by

the school-level variables institutional type and school average cultural capital.

In Figure 6.3, it is appreciated that the slope of the relationship between cultural capital and
the standardised scores in Mathematics is steeper for pupils attending State-funded schools.
Meanwhile, the slope of the relationship between cultural capital and the standardised
predicted scores in Mathematics is noticeably shallower for pupils in subsidised-independent
and independent schools. This implies that cultural capital has the lowest impact on
Mathematics performance on pupils attending subsidised independent and independent
schools. Conversely, pupils who could take the greatest advantage from increasing their

cultural are potentially those who attend State-funded schools.
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Figure 6.3: Predicted standardised SIMCE scores in Mathematics against cultural capital index scores
by institutional type of the school.
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Predicted Scores in Language according to
Cultural Capital and Institutional Type
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Figure 6.4: Predicted standardised SIMCE scores in Language against cultural capital index scores by
institutional type of the school.

As appreciated in Figure 6.4, the shape of these estimated trajectories in the case of Language
are quite different. Firstly, schools are not that clearly differentiated in terms of their
institutional type as they are in the case of Mathematics. Inspecting the curves of subsidised
independent and independent schools, hardly any differences are found. However, the most
noticeable feature of this graph is again that pupils in State-funded schools benefit the most
from increasing cultural capital. It is particularly remarkable that at the lower end of cultural
capital values the curve is steeper, indicating that increasing levels of cultural capital for pupils
with very low cultural capital has a greater impact on pupils in State-funded schools compared

to pupils in other school types who make a more steady progress in Language.

In summary, from what is depicted in Figure 6.4, it can be observed that increasing individual
pupils' cultural capital does not make a major difference when pupils are situated around the
average or above in the distribution of the cultural capital. However, it does make a
remarkable difference for pupils with extremely low cultural capital who attend State-funded

schools.

On another front, Figures 6.5 and 6.6 depict the cross-level interaction between individual
pupils' cultural capital and school-level average cultural capital, which has been reported in
Table 6.7. In both figures a somewhat similar overall trend is appreciated with only a few
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peculiarities for each subject. These figures show that the progress that pupils make depends
not only on their own cultural capital, but also on the average cultural capital of the school

they attend.

In the case of progress in Mathematics (Figure 6.5), when grouping schools according to
different mean values of the school-level cultural capital, the differences are more pronounced
than in Language and they are nearly all significant across the range of individual cultural
capital index scores. This implies that from two pupils with the same level of prior attainment,
same demographic and socio-economic characteristics and same level of cultural capital, the
pupil that will most likely outperform the other pupil in Mathematics is the one who attends
the school with the highest average level of cultural capital. This could be considered as
evidence in support of the "peer effects" hypothesis. Nonetheless, this finding is by no means
conclusive and other analyses are required to corroborate; for instance, an analysis of the
relationships between pupils within secondary schools and how these affect their educational

achievement. This is an issue for further research that will be discussed later.

Predicted Scores in Mathematics according to
Individual and School-level Cultural Capital
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Figure 6.5: Predicted standardised SIMCE scores in Mathematics against cultural capital index scores
by school average cultural capital
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Figure 6.6: Predicted standardised SIMCE scores in Language against cultural capital index scores by
school average cultural capital.

Progress in Language (Figure 6.6) follows a slightly different pattern. Here, the differences tend
to disappear at the extreme values of individual cultural capital. After 2 standard deviations at
both ends of the distribution, the 95% confidence intervals around the trajectory of the
relationship between individual cultural capital and progress in Language for different mean
values of school-level cultural capital start to overlap. This implies that pupils with extremely
low or extremely high cultural capital are not necessarily expected to be significantly better off
in any other school, when holding all the other variables constant. Although in a more normal
range, this is between -2 and 2 standard deviations, the pattern is very similar to what is found
in Mathematics, i.e. when holding everything in the model constant, pupils with most progress

are those in schools with higher average levels of cultural capital.

6.4. Conclusions

A bivariate multilevel model for pupils' performance in Mathematics and Language was
implemented to analyse multiple hypotheses about the effect of cultural capital on academic
outcomes with the ultimate purpose of informing school internal accountability processes. The
full model controls for the fixed pupil-level effects of prior attainment and the estimated index
of cultural capital alongside their polynomial non-linear terms, as well as gender and average

monthly household income. It also controls for the fixed school-level main effects of
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institutional type and school average cultural capital. Additionally, it controls for the
interaction effects between school type and pupils' cultural capital, between school type and
school average cultural capital, as well as the interaction between pupils' cultural capital and
schools' cultural capital. The full model also controls for the random effects of attending a
particular school and living in a particular local authority as well as the random effects or prior

attainment at the school level.

An arguable caveat of the models presented in this chapter is that one could assert that,
theoretically, scores in standardised tests can also be considered a realisation of cultural
capital. This would potentially raise the issue of endogeneity. Nevertheless, the measurement
model for cultural capital is constructed with lagged variables, and hence the effect of cultural
capital has a temporal dimension. What the models in this chapter show is that the
accumulated cultural capital up to year 8 has a sizable and non-negligible effect on the
progress that pupils in year 10 make in Language and Mathematics. The value of these models
lies precisely in showing that the differences in the processes of accumulation of cultural
capital that pupils undergo throughout their schooling and family life, have a subsequent

effect on their academic performance.

This model has successfully proved its practical adequacy for analysing the complexities of the
effects of cultural capital on educational outcomes. As a result of this specification, several
relevant findings could be unveiled. Firstly, cultural capital affects performance in Mathematics
and Language differentially; Language is the subject most affected by cultural capital, although
the effect on Mathematics is still non-negligible. In both subjects, however, the effect is overall
the same: pupils who are culturally advantaged tend to outperform culturally-disadvantaged

children, which is consistent with a Bourdieuvian theoretical perspective.

Secondly, cultural capital may also differently affect pupils' performance in combination with
other conditions, namely: at the disaggregated pupil level in combination with the institutional
school type, at the aggregated school level combined again with school type, as well as
combining the effect of cultural capital at the disaggregated pupil level with the aggregated
school level. What these interactions show is that the effect of an individual pupil's cultural
capital varies according to the characteristics of the school the pupil attends. Furthermore,
these variations occur in a way that is consistent yet again with a Bourdieuvian theoretical
perspective, because as the average level of cultural capital of a particular school increases,
pupils' expected progress increases, which implies that children can take significant advantage
of the school's socio-economic and cultural environment. This is also related to third main

conclusion drawn from this analysis.
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Thirdly, concerning the combined effect of income and cultural capital, the data have failed to
demonstrate such an interaction, which makes plausible the hypothesis that their effects have
diverse mechanism through which they operate. This is not necessarily against the
Bourdieuvian hypothesis that states that socio-economically hegemonic classes sustain their
own hegemony through cultural capital. This is because, in the specific case of the Chilean
education system, the effect of income can operate also through school choice, which is rather
limited to parents' purchasing power. Having noted the foregoing and the fact that pupils from
the poorest households generally attend State-funded schools, the significant interaction
between cultural capital and school type sheds light over the matter by unveiling that even
though State-funded pupils make more progress than pupils in schools of other types, their
disadvantaged position is noticed in very low cultural capital contexts. This is because their
trajectories start from lower attainment than other pupils, so there is greater room for
progress and their disadvantage is even more apparent in terms of current attainment, as

opposed to progress, which takes prior attainment into account.

To sum up, these results suggest that cultural capital, materialised in reading habits, access to
books and parental qualifications, can make a considerable difference in school performance.
In terms of public policy, this has important implications insofar as schools and local education
authorities could use this information to take action and potentially boost pupils' academic
outcomes by simply implementing policies, for instance, to foster children and parents reading
and to seek alliances with publishers to make books more accessible for low-income families.
Most importantly, making all kinds of reading materials more accessible to the general
population in Chile would be relatively easy to achieve by reducing (or eliminating) the very
high taxation on books, which is currently 19%. Nevertheless, this analysis did not intend
neither to be exhaustive nor to be reductionist, but to approach a very complex problem with
appropriate tools that allow identifying clear action points to be eventually implemented in

public policy.
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Chapter 7: Discussion

This thesis has analysed the Mathematics and Spanish Language progress of pupils in Chilean
schools who moved from primary to secondary school in the years 2004 and 2006. The models
implemented in this thesis follow the tradition of school value-added research and extend its
reach to give more insight into pupils' progress and the contribution of schools to it. Rather
than a conflicting view, this thesis provides further support for previous research; however, it
also goes beyond to suit the needs and challenges that the particular national context poses to

the analysis.

7.1. The necessity of more complex multilevel models for analysing academic

performance and school accountability

Firstly, this thesis underlines the necessity of specifying more reasonably complex CVA models
to tackle the complexity of the school performance phenomenon. From a univariate
perspective, this implied first and foremost including additional levels of variation to
contextualise the knowledge derived from the models even further to what can be achieved by
implementing 2-level models. It was seen in Chapter 2 that there are a few studies in which
the level of classrooms has been successfully specified and proved to be relevant (Cervini,
2009a, 2009b; Martinez, 2012; Murillo and Roman, 2011). Likewise, the level of local
authorities has also been found to be relevant in other studies (Cervini, 2009a, 2009b; Leckie,
2009; Plewis, 2011; Rasbash et al., 2010). Furthermore, the relevance of the specification of
the level of primary schools has also been demonstrated by some authors (Leckie, 2009;
Goldstein et al.,, 2007). What these authors stress directly and indirectly is the need for
analysing the complexity of academic performance with appropriate and reasonably complex
models. As seen in Chapter 4 of this thesis, this is done successfully in terms of the statistical
superiority and the valued practical implications of the extended CVA 4-level models with

respect to the traditional 2-level CVA models.

Results from the CVA models presented in this thesis reveal the extent of the inequalities of
the Chilean education system. Evidence from previous research in the United Kingdom has
found that schools only account for between 5% and 20% of the total variation (Rasbash et al.,
2010). However, as seen in Chapter 4, a much larger percentage is found in the Chilean
education system, where schools account for nearly half the variation in Mathematics tests
scores; this is a comparison between 2-level empty models. Furthermore, variation between
local authorities reveals that Chilean schools have different levels of performance according to
their geographical location. This most likely reflects upon a highly unequal distribution of

wealth and resources amongst different areas in Chile. Furthermore, this is certainly an
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outstanding difference with respect to what has been found in UK-based research, where Local
Authorities only account for between 1% and 3% of the total variation (Rasbash et al., 2010).
These are signs of the massive differences that can be found in a highly unfair and unequal
education system such as the Chilean system. Naturally, this evidence supports the need for
more complex analyses. On another front, the extension of the traditional CVA models to
adapt to more complexity can also be useful to explore differential effects for certain groups
not only at the level of schools (as seen for instance in: Kyriakides, 2004; Plewis, 2011), but
also at the levels of classrooms and local authorities. This can be potentially relevant
information for educational planning originated at the level of the schools themselves or at the
level of the local authorities. In sum, from a general perspective, ascertaining details about
how academic performance occurs at different levels for different groups of pupils is crucial

not only for a fair accountability system, but more importantly for a fair education system.
7.2. The multidimensionality of academic performance

As a second main point of general discussion, this thesis takes another step forward and
engages in the debate about the narrowness of the concept of school effectiveness that the
traditional approach entails. As discussed in Chapter 2, analysing the progress of pupils in
different subjects in separate models implies that pupils learn subjects disassociated from each
other and that schools teach subjects with no reference to each other. This is rather unrealistic
from a substantive and a statistical point of view, because connections can exist irrespective of
whether this is done intentionally or not at any level. In this thesis, the focus is on progress in
Mathematics and Language, which several researchers (Cowan et al., 2005; Donlan et al., 2007;
Simmons & Singleton, 2008; Hecht et al., 2001; Vukovic & Lesaux, 2013) have found to be at a
certain extent associated with each other at the individual/pupil level. Sulis and Porcu (2014)
provided further evidence on the relationship between Mathematics and Language attainment
not only at the individual level, but also at multiple levels, more specifically at the level of

schools and geographical areas.

This thesis has found strong evidence of varying degrees of association between Mathematics
and Language, not only at the level of pupils, but also at the levels of classrooms, primary
schools, secondary schools and local authorities. What is also further revealing is that prior
attainment follows basically the same patterns: variations in progress, i.e. linear relationship
between prior and subsequent attainment, in Mathematics at the level of secondary schools

are associated with variations in progress in Language.

Nevertheless, a more thorough analysis of the relationships between subjects would also need

to include other subjects as well as non-academic outcomes, such as motivation, satisfaction,
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etc. Timmermans (2012) carries out such analyses to find that non-academic outcomes are not
so strongly associated to academic outcomes as they are to each other; however, these
analyses are conducted in the Netherlands, a much more highly egalitarian and developed
country with a successful education system, which is rather diametrically opposed to the highly

segregated Chilean education system (Valenzuela et al., 2008).

For this thesis, there are no data available to analyse neither additional subjects other than
Mathematics and Language nor non-academic outcomes, such as motivation, satisfaction,
aspirations, etc., at the pupil-level. Nevertheless, SIMCE reforms in recent years will make
possible to analyse further academic subjects which will be contained in subsequent waves of
data for several cohorts of pupils at different time points (Years 2, 4, 6, 8 and 10). This is also
briefly addressed in Chapter 8. This could be considered as a shortcoming, given that the
multidimensionality of school performance has been stressed throughout this thesis; however,
this does not undermine the value of these analyses in their own right, because the models
presented herein (Chapter 5, more specifically) bring together a more integrative vision of

school effectiveness along with the necessary model complexity.
7.3. Issues surrounding external school accountability models

The models implemented in this thesis follow the basic guiding principle that a school
accountability system should be, first and foremost, fair to all schools and pupils (See for
example: Fitz-Gibbon, 1997; OECD, 2008). As discussed in Chapter 2, this implies that schools
should ideally be assessed based only on the practices and circumstances over which they
have full control, which requires meticulous work in isolating the school effects from other
spurious effects that are favourable to some schools and detrimental to others. Since there is
strong evidence of geographical differences, within-school streaming, carry-over effects from
primary school and correlation between Mathematics and Spanish Language attainment (as
presented in Chapters 4 and 5), holding everything else in the models constant, one should be
inclined to regard the classifications derived from the extended CVA models from Chapters 4
and 5 as fairer than the classifications derived from the traditional CVA model. Nevertheless,
there are still some issues that may be problematic and/or controversial, which would need

further clarifications.

From the perspective of external school accountability, one potential problem of the 4-level
CVA models fitted in this thesis is that some would argue that they partially remove effects
truly belonging to the schools when specifying the classroom level. This is simply because
classrooms are fully nested within schools. Nevertheless, this is a twofold problem and there is

no simple answer, because removing the classroom level would result unequivocally in
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overestimating the pupil-level effects and retaining it could be said to underestimate the
school effects. As seen in Chapter 4, when specifying the classroom level, the variance from
the pupils and the schools are both reduced, meaning that the classroom effects are a sort of
combination between pupil and school effects. As discussed in Chapter 4, this finding is
consistent with what Martinez (2012) found for US school data, where the addition of the

classroom level reduced the variance of both the pupil and the school level.

If the classroom level is decidedly kept in the models for accountability, this begs the question
of who should be accountable for these effects. A simple route to take is to hold the teachers
accountable; however, this is rather simplistic and ultimately unfair, insofar as teachers could
be made responsible for the effects of streaming within their school. As with the case of the
school type variable discussed in Chapter 3, the choice of retaining the classroom level in a
model for school accountability is highly debatable. However, the stance of this thesis is that
schools should not necessarily be rewarded for effective streaming practices, even at the
expense of potentially obscuring part of the effects truly proceeding from better school
practices, and hence the classroom level should be kept and explored more deeply, via school

inspection or qualitative inquiry, for instance.

On a side note, as discussed in Chapter 2, CVA models can be used for mainly two reasons:
school accountability and school choice. About the latter, Leckie and Goldstein (2009) have
argued that estimated CVA scores have important limitations to inform parents' school choice.
According to them, standard CVA estimates do not take the uncertainty of predicting future
school performance into account and hence they are useless for informing parents. They show
that when this uncertainty is accounted for by computing standard errors in a non-standard
way, the confidence intervals of the estimated future CVA scores are so wide that hardly any
school can be distinguished from the national average or even from any other school. Even
though the main purpose of this thesis is not related to school choice, the limitation described
here with regard to future school performance does affect the models in this thesis.
Nevertheless, as Leckie and Goldstein (2011b) point out, performance tables (or accountability
measures in this thesis) derived from these models are still retrospectively informative and

provide highly relevant information for holding schools accountable.

On another front, some authors (Foley & Goldstein, 2012; Leckie & Goldstein, 2011b) have
argued that the meaning and limitations of CVA scores (school effects estimates used in
England) and their confidence intervals have not been properly disseminated to the public,
which prevents them from properly interpreting and using this information. In order to
minimise the downsides of using CVA scores, Leckie and Goldstein (2011b) propose a new

methodology to make multiple tailor-made school comparisons to inform parents' choice. This
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methodology involves simulating the probabilities of pairs of (or several) schools to be ranked
higher than the other(s), thus making school performance information more accessible to a
non-statistical audience, because of the familiarity with the concept of probability in the wider
public. This methodology has not been implemented in this thesis; however, it is certainly an

avenue for further research that is worthwhile exploring.

With respect to the above mentioned, the school classifications derived from the CVA models
fitted in Chapters 4 and 5 can be regarded as deterministic, insofar as they only admit one
classification per school, while in reality this can be much more uncertain. Nevertheless, the
use of confidence intervals for the accountability measures (school residuals from the
extended CVA models) makes this method more reliable than simply using raw averages as

current practice in Chile is (still) set up to do.

In sum, results from this thesis show that the way in which a CVA model is specified is a
sensitive matter, which can have significant policy implications for diverse external
stakeholders and serious consequences for the schools and the pupils. As discussed in Chapter
2, the new Chilean Education Quality Assurance System foresees the utilisation of the school
classifications for supporting schools with insufficient performance; however, persistent
insufficient performance may result in closure (Agencia de Calidad de la Educacién, 2014; San

Martin & Carrasco, 2013). The choice of methods is therefore crucial.

7.4. The importance of internal school accountability

In this thesis, the concept of cultural capital (Bourdieu, 1977) was chosen as a source of insight

|II

into the matter of informing “internal” or “intelligent” school accountability, as described by
San Martin and Carrasco (2013) and Sahlberg (2007, 2010). Theoretically, cultural capital is
thought to be rooted in educational inequalities due to the socio-economic gradient. Given the
profound socio-economic disparities in Chile, as analysed in Chapters 4 and 5, the use of the

concept of cultural capital renders even more relevant.

Authors such as Edgerton et al. (2012), Edgerton and Roberts (2014), and Sullivan (2001, 2002)
have argued in favour of the use of Bourdieuvian concepts as means of disentangling
persistent educational inequalities. Nevertheless, the diversity of evidence regarding the effect
of cultural capital on academic performance depends heavily on the operationalisation of the
concept. As seen in Chapter 6 of this thesis, cultural capital is latent variable estimated from a
measurement model that includes manifest variables related to reading habits, access to
books and parental qualifications as other authors (Sullivan 2001, 2002) have recommended

for their usefulness.
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The latent construct "cultural capital" has been found to have a sizable and non-linear effect
on performance in Language, whereas its effect on Mathematics, controlling for the same set
of variables, is also considerable. Although there are some differences in how cultural capital
affects performance in Spanish Language and Mathematics, especially at the extreme ends of
the distribution, the overall effect follows the same pattern in both subjects: "culturally-
advantaged" pupils tend to outperform the "culturally-disadvantaged", which is consistent
with a Bourdieuvian theoretical perspective. Other potentially relevant routes for further
analyses can be to investigate possible differences across time between various cohorts of
pupils and differences across regions or localities in the effect of cultural capital on academic
performance. In line with Sullivan (2002), the effect of cultural capital can be hypothesised to
vary through time and across countries; even though this has not been explored in this thesis,
the potential differences across different contexts have empirical support as it was found that

the effect of cultural capital varies by schools.

Finally, from a substantive point of view, this thesis shows how access to all sorts of reading
materials and reading habits can have not only a relevant impact on pupils' progress in
Language, but also in Mathematics. This thesis advocates for re-thinking school accountability
as other authors have proposed (San Martin & Carrasco, 2013; Sahlberg 2007, 2010) and
shows that CVA models can be used to inform internal school accountability and potentially
serve as drivers of school improvement policies, provided the models reasonably control for
known non-malleable factors (as seen in Chapters 4 and 5) to satisfy the demands of external
school accountability and additionally analyse the effect of meaningful malleable factors, such
as cultural capital as seen in Chapter 6. Ultimately, this can potentially constitute useful
information for implementing policy not only at the school level, but also at the level of the

local and central government offices.

In the next chapter, the conclusions of this thesis are presented. Consistent with the ideas
discussed in this chapter, the conclusions are discussed around three main ideas: firstly, CVA
models for school accountability, either external or internal, need to take into account the
complexity of influences affecting pupils' academic progress as thoroughly as possible in order
to make a fair assessment of schools' performance and/or to inform school improvement
policies accurately. Secondly, school effectiveness is not a unidimensional process, which
implies that CVA models should ideally (when data are available) reflect upon the
multidimensionality of academic performance and take into consideration the relationship
between different subjects as well as non-academic outcomes. Thirdly, CVA models can also be
used to inform internal school accountability by analysing the effects of meaningful modifiable

factors and potentially serve as drivers of school improvement policies.
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Chapter 8: Conclusions

8.1. Statement of the conclusions

This research had set out to analyse school value-added and pupils' academic progress in Chile
with the ultimate purpose of providing insight into the development of models of external and
internal school accountability. The main conclusions arising from this research are summarised

below:

Firstly, contextualised value-added models for school accountability, either external or internal,
need to take into account the complex network of influences affecting pupils' academic
progress as thoroughly as possible in order to make a fair assessment of schools' performance
and/or to inform school improvement policies. More specifically, this requires the
implementation of models accounting for sources of variation in academic progress beyond
the schools and the pupils, i.e. the effects of classrooms within schools, the carry-over effects
of primary schools, the geographical effects of local authorities and others, should data

availability allow it.

Secondly, school effectiveness is not a unidimensional process, which implies that
contextualised school value-added models should (depending on data availability) reflect upon
the multidimensionality of the phenomenon. This would convey taking into consideration the
relationship between different subjects and non-academic outcomes. This should be done
ideally at all levels, but at least at the pupil and the school level. Such models are undoubtedly
richer and have the potential of informing school accountability more reliably, insofar as they
allow a more comprehensive judgment of the overall contribution of the school to a more

unabridged educational development of its pupils.

Thirdly, contextualised value-added models can also be used to inform internal school
accountability and potentially serve as drivers of school improvement policies, provided the
models reasonably control for known non-malleable factors and analyse the effect of
meaningful malleable factors. The value of such models lies in that they have the potential to
contribute to the understanding of how to overcome or at least circumvent, via school or
public policy, the seemingly overpowering effect of the socio-economic background on

academic performance.

These conclusions, especially the first two, follow the basic principle that school effectiveness
models should be sufficiently and realistically complex to hold schools accountable externally
as fairly as possible. This is also one of the guiding principles for the third conclusion, although

from the perspective of internal school accountability, where the main concern is to
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distinguish between school or pupil factors on which the school can realistically intervene to

improve its own practices and achieve higher goals.

8.2. Significance and contribution to knowledge

The purpose of this section is to revisit and briefly respond to the research questions, making a

recapitulation of the main empirical findings to discuss their contribution to knowledge.

e What are the effects of classrooms, local authorities and primary schools on
Mathematics and Spanish Language progress in Chile, beyond pupils' socio-economic

and demographic characteristics and secondary school-level effects?

Academic progress is a complex phenomenon influenced by many external and internal factors.
As discussed throughout this thesis, school value-added models have customarily assessed
pupils' academic progress controlling for pupils' heterogeneity and between-school variation.
Even though this approach has been proved successful in identifying educational inequalities
and helping to assess schools more fairly, its main shortcoming is that it does not control for
relevant factors external to the pupils and the schools, which renders such models incomplete

for external and internal school accountability.

In Chapters 4 and 5, this research has implemented multilevel models with increased
complexity compared to the traditional school value-added approach, to demonstrate that the
differences between classrooms within secondary schools, between primary schools and
between local authorities constitute significant sources of variation in the progress that pupils
in Chilean schools make in Mathematics and Spanish Language. Furthermore, it has been
demonstrated that a considerable proportion of the total variation in pupils' attainment and
progress does not actually proceed from the pupils themselves nor the secondary school they
attend. This occurs even after controlling for the carry-over effects of primary school, socio-

economic and demographic characteristics at both the school level and the pupil level.

e How are pupils' progress and school value-added in Mathematics related to pupils'

progress and school value-added in Spanish Language in Chile?

Another caveat of the traditional approach to study academic performance is that it does not
take the multidimensionality of the phenomenon into account. As discussed extensively earlier
in this thesis, implementing univariate school value-added models implies assuming that pupils
split up their learning process into different unrelated areas of knowledge and that schools
break down the teaching process into different dissociated subjects. This is certainly an
untenable assumption for three main reasons. While it is true that the curriculum is divided

into several components, making connections between subjects is not prevented but
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encouraged. Furthermore, even in the case in which the connections between subjects were
neglected in a school or in the hypothetical case in which they were actively discouraged, the
very plausible existence of shared teaching practices would still have common effects across
subjects at the aggregated school level. Additionally, pupils are taught and learn knowingly or
unknowingly a number of transferrable skills throughout their educational trajectories, which

makes the relationships between subjects even more plausible.

In Chapter 5, this research used a bivariate multilevel model to demonstrate that there is an
underlying positive relationship between progress in Mathematics and progress in Spanish
Language at the levels of pupils, classrooms, primary schools, secondary schools and local
authorities. As expected, this relationship varies in magnitude, but not in direction, across
levels. Focusing on the pupils, the underlying relationship between Mathematics and Spanish
Language is considerable when fitting an unconditional 2-level model, but only moderate after
controlling for all relevant levels of variation and for socio-economic and demographic
characteristics of the pupils themselves and the schools. This implies that a great deal of this
relationship is due to confounding. However, after confounders are removed, the remainder
would seem to indicate that while pupils can be more inclined or able in one subject or
another, they can still learn throughout their educational trajectories a set of skills (although
undetermined in this research) that are applicable to both subjects. With regard to the schools,
the underlying relationship between both subjects is quite sizable, which implies that
secondary schools making significant contributions to their pupils' progress in one subject are
also very likely to be doing the same in the other subject (and others as well). The opposite, of
course, would also be true. Focusing on what school policy can intervene, this could be said to
indicate that teaching practices shared within secondary schools are somewhat uniformly

effective or ineffective irrespective of the subject.

e Are there any relevant (non-negligible) differences between school accountability

measures derived from diverse statistical models?

School value-added models have been used extensively to derive measures to inform school
accountability externally to various stakeholders and to inform parents' choice of school. As
exposed and discussed thoroughly in this thesis, these models suffer from serious
shortcomings that are mainly the consequence of misspecification. More specifically,
traditional school value-added models are misspecified inasmuch as they do not control for
relevant non-malleable factors; hence, accountability measures derived from them make

schools responsible, for better or worse, for circumstances over which they have no control.
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In Chapters 4 and 5 of this thesis, it has been demonstrated that the choice of statistical model
is not trivial, because large differences were found between school accountability measures
derived from a traditional 2-level contextualised value-added model and the extended 4 and 5-
level contextualised value-added models. Controlling for the additional levels of classrooms,
primary schools (only included in Chapter 5) and local authorities revealed that the effects of
schools and pupils' heterogeneity had been largely overestimated when fitting models from a
traditional approach. The huge overestimation of the contribution of schools to pupils'
progress in Mathematics and Spanish Language is apparent in the accountability measures
derived from the extended value-added models, which distinguished from the national
average fewer than half of the schools that the traditional approach distinguished. Considering
that the extended value-added models fitted in this research account for more non-malleable
factors external to the control of the schools and the pupils (or their parents and carers) than
the traditional models, one would be inclined to judge the school accountability measures

from the extended CVA model as more accurate and ultimately fairer.

e How does cultural capital along with socio-economic and demographic characteristics

of the pupils and the schools affect pupils' progress and school effectiveness in Chile?

School value-added models are not solely circumscribed to fulfil the purpose of external
accountability. As discussed earlier in this thesis, school effectiveness models can be used to
provide insight into academic performance to a variety of stakeholders, either external, such
as policy-makers, local and central government officials, tax-payers, parents choosing schools,
etc., or internal, such as head teachers, school governors, teachers and the pupils themselves,
provided that their particular needs of information are met. This requires tailoring the
statistical models to ensure practical adequacy. In general, external accountability models
require comprehensive control for non-malleable factors affecting pupils' progress to ensure
fair comparisons. In contrast, internal school accountability models imply focusing on
malleable school and pupil factors to inform school improvement interventions, as well as
controlling for the non-malleable factors to avoid confounding. With these principles in mind,
cultural capital was targeted in this research as a malleable factor potentially susceptible of

school intervention which can ultimately contribute to better educational outcomes.

In Chapter 6 of this thesis, it was found that cultural capital, a pupil-level latent variable
materialised in reading habits, number of books possessed and parental qualifications, had a
sizable effect on pupils' progress in Spanish Language and Mathematics. Given that the
measurement model for such latent variable was focused mainly on reading-related variables,
the greater impact was observed, as expected, on Language; however, its effect is nonetheless

relevant on Mathematics progress as well. Given that cultural capital can be thought of as
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being intrinsically limited, non-linear effects were fitted and proved significant; however,
substantive differences were observed for the case of progress in Language as compared to
Mathematics. While pupils with extreme values of cultural capital have a shallower rate of
progress in Mathematics, the curvilinear effect of cultural capital on Language shows that
small changes in cultural capital at the extremes can prompt more pronounced boosts in
pupils' progress. In practical terms, this would reinforce the idea that interventions involving
the improvement of reading habits or book accessibility, for instance, may potentially enhance

pupils' progress.

With respect to the socio-economic and demographic characteristics of the schools and the
pupils, their effects as non-malleable factors were analysed extensively throughout Chapters 4,
5 and 6. By including these variables in the models, it was possible to ascertain a number of
educational inequalities with respect to gender, income, school socio-economic status and
school institutional type. The purpose (and value) of controlling for these variables is twofold:
on the one hand, they allow distinguishing between what can be modified or not by the
schools or the pupils themselves and, on the other hand, they allow tailoring school

interventions to suit the needs of particular groups of pupils.

The overall contribution to knowledge of this thesis is related to three main aspects. Firstly,
from an international perspective, this thesis confirms once more that the school performance
phenomenon is indeed complex, as shown by other studies in developed countries, such as the
United Kingdom, the Netherlands and the United States. Furthermore, it shows that the
challenges that this complexity conveys are even more marked in developing countries, such
as Chile. As seen in this thesis, the size of the school effects and the geographical effects are
far greater in Chile than in developed countries, which makes the use of sophisticated methods
even more relevant. In sum, assessing school performance in developing countries needs to be

tackled with advanced modelling approaches to fully capture its complexity.

Secondly, from a methodological point of view, the methods described and applied in this
thesis are certainly not new and have been applied in other studies; however, none of the
studies reviewed had applied all the different specifications presented here at once. For
instance, as mentioned in chapter 2, a few researchers have pointed out the need for
specifying further levels to the traditional 2-level structure of pupils nested within schools;
some of those studies have incorporated the analysis of fully-nested structures, and some
others have included the analysis of non-nested structures. On another front, a very small
number of studies have specified multivariate multilevel models for analysing educational
outcomes. Nevertheless, no other studies have specified further nested and non-nested levels

(beyond the traditional 2-level structure) in a multivariate multilevel model to analyse
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educational outcomes. This thesis has demonstrated that this avenue, even though complex, is
fruitful for analysing school performance and deriving fairer school accountability measures for

policy-making purposes.

Thirdly, in the Chilean public policy context, this thesis contributes to the debate about how to
assess school performance more fairly. As seen throughout this thesis, the models presented
are certainly an improvement with respect to the traditional approach of 2-level CVA models
of pupils nested within schools, let alone with respect to the new policy of the Chilean
Government. This thesis clearly shows that the choice of models is not trivial, especially when
considering that an unfair/incomplete assessment can potentially have unduly harsh

consequences on the schools and the pupils themselves.
8.3. Theoretical implications

Empirical analyses throughout this thesis have shown the value of incorporating several
variables into the models of school value-added and pupils' academic progress. Naturally, the
incorporation of such variables follows the examples and general principles of the theoretical
knowledge built upon previous research. For instance, theories have established the widely-
known effects of certain variables such as socio-economic status of the schools and the pupils,
demographic variables such as gender and ethnicity, etc. In this regard, this research included
several of these variables as controls to ensure fair school comparisons, along with other
external factors. A number of special considerations regarding models of school effectiveness

with theoretical repercussions can be derived from the conclusions of this thesis.

By concluding that academic progress is a complex multidimensional phenomenon influenced
by many agents and contexts at multiple levels, it is possible to identify several components to

be taken into account.

With respect to the complexity of academic progress, models should mimic this complexity, as
far as possible and within reason, to ensure a fair and realistic representation of the underlying

processes resulting in pupils' progress.

Regarding their multidimensionality, models should reflect upon the fact that pupils' progress,
as well as school processes and practices, emerge in multiple interrelated academic subjects

and non-academic outcomes.

Moreover, from a multilevel perspective, the model building process should not only include
the effects proceeding from the pupils and the schools, but also further effects proceeding

from classrooms, primary schools, local authorities and other relevant external factors
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affecting pupils' progress. This last consideration is to be pondered regardless of the

stakeholders to be informed.

From a multi-agency perspective, models should always be constructed bearing in mind the
audience or stakeholders to be informed as the main guiding principle for the inclusion of
malleable or non-malleable variables in the analyses. On the one hand, if the models are
constructed for informing school accountability to external stakeholders, then the inclusion of
key non-malleable school and pupil factors ought to be carefully thought, taking into
consideration the theory and the context in which the school system operates. On the other
hand, if the models are constructed to inform internal school accountability, then theory
should determine the inclusion of substantively meaningful malleable school and pupil factors

susceptible of intervention.

A more specific considerations in the building process of models for external school
accountability is the inclusion of certain key school-level non-malleable factors. Models should
control, as far as possible, for school selectivity in an attempt to counter the bias arising from
the ill-conceived school policy of improving results via manipulation of the pupil intake. Models
should also include institutional type as a non-malleable factor affecting pupils' progress, even
at the expense of partially obscuring effects truly proceeding from diverse school practices
associated with school type, because not all schools have the same degree of freedom to
modify their own institutional regime. This is especially relevant in countries with highly

segregated school systems such as Chile.

With respect to malleable factors affecting pupils' progress, this research demonstrated the
substantive and practical value of the theoretical concept of cultural capital, when building a
model for internal school accountability. From a theoretical perspective, the significance of this
finding is threefold: firstly, it showed that culturally-disadvantaged pupils are less likely to
make as much progress as their culturally-advantaged counterparts; secondly, it showed that
cultural capital has a contextual component, which is reflected on the fact that pupils can
benefit in terms of academic progress from an overall school-level cultural capital higher than
their own; and thirdly, it showed that cultural capital has the potential of affecting progress in

multiple subjects and not only language.

The implications and considerations discussed above are not meant to constitute an
exhaustive list, nor are they exclusively related to theoretical issues. In practice, these issues
also reach the field of public policy and they should be pondered in policy-making processes,

as detailed next.
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8.4. Policy implications

The implications of this research in terms of public policy have already been outlined in the
previous section and discussed throughout previous chapters. These are mainly related to the
design, implementation and use of school accountability models and measures either with the

purpose of informing external stakeholders or internal stakeholders.

Government practice in Chile prior to 2015 consisted basically on using school averages as
indicators of effectiveness, with the purpose of informing external school accountability and
parental choice indiscriminately. The shortcomings of such an approach have been thoroughly
discussed in Chapter 2 of this thesis. Policy-making processes guided by said approach run into
several problems: firstly, they convey the risk of ignoring differential effects on certain groups
of pupils, who might potentially be in disadvantage. Secondly, school averages are potentially
misleading, because they overestimate the overall contribution of schools to their pupils'
academic progress by ignoring relevant external influential factors. Thirdly, school averages
unadjusted for pupils' prior attainment do not allow for the comparison of schools based on
the progress that their pupils make. They can only assess the level of attainment at certain
points in time (cross-sectionally), which may eventually convey a severe misjudgement of the
contribution of schools. This could potentially result in an incentive for schools to manipulate

their pupil intake instead of actually improving their practices to achieve better results.

As mentioned before in Chapter 2, a new school accountability system has been set out by the
Chilean Ministry of Education via the Agency for the Quality of Education and it is due to be
implemented in a pilot stage in 2015. This quality assurance system will hold schools
accountable based on their pupils' scores obtained in the SIMCE tests. Schools will be classified
in four categories of performance (insufficient, lower-middle, middle and high) adjusting for a
few socio-economic variables and prior attainment (where available). Even though, some
lessons learned from school value-added research have been considered in this system, a
rather inconvenient and invalid method has been chosen to be applied to make these
adjustments, i.e. Multiple Linear Regression. The main caveats of such approach were

discussed thoroughly in Chapters 2 and 3.

This research demonstrated that ignoring certain influential factors can have severe
consequences in the assessment of schools. An accountability system, either to inform
external or internal stakeholders, whose main driving purpose is fairness to all schools and
pupils, cannot disregard the effects of the classrooms over which neither the parents or the
pupils have control to choose; the effects of primary schools over which secondary schools
have no control to intervene; or the effects of the local authorities where pupils reside and

schools are inserted. These effects could certainly be controlled for in a Multiple Linear
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Regression approach, as proposed by the Chilean Agency for the Quality of Education, but such
a task would be unnecessarily cumbersome and it might still run the risk of drawing mistaken
conclusions. This in turn would lead to imprecise school classifications, which can eventually

have stern repercussions for the schools themselves.

A direct and precise comparison between the models presented in this thesis and the models
developed by the Chilean Agency for the Quality of Education is not possible, because the
proposed accountability system is still in a pilot stage and details of the methodology have not
been made available to the public yet. Nevertheless, considering that the models presented in
chapters 4 and 5 of this thesis have demonstrated that the traditional 2-level CVA models
considerably overestimate the school effects, one can only assume that the school
accountability measures derived from MLR models will overestimate these effects even further.
Put simply, this thesis advocates for a better use of the available information on school
performance to improve the process of evaluation of schools. From what it is known and
foreseeable given the released information, the new Government policy on school
accountability can potentially be unfairly detrimental to many schools. In short, this policy

needs to be revised and improved.

In sum, the main practical lesson learned from this thesis is that models for external school
accountability need to account for the available information about the classrooms, primary
schools and local authorities, as well as the relationship between diverse subjects taught in
schools, to ensure fairer comparisons. This has also proved to be effective even for models
whose aim is to inform internal school improvement processes. From the perspective of
internal school accountability, this research has demonstrated that policy changes towards
increasing accessibility to reading materials (fiction and non-fiction books, magazines on
general culture or specialised topics, etc.) and improving reading habits can have a significant
impact on progress in Language and even in Mathematics. Although this is not proved in this
thesis, the fact that the effect of cultural capital is significant not only on Language, but also on
Mathematics makes it very plausible that it has a significant effect on subjects such as Science,

History, etc.

This by no means implies that the models presented in this thesis are infallible; however, they
constitute a significant contribution towards a more comprehensive analysis of the school

performance phenomenon in Chile.

8.5. Limitations of the study

As hinted previously, this research is not free from limitations. The first and foremost

limitation of this research is related to data availability, which is reflected on two main aspects.
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Firstly, despite having pointed out the multidimensionality of academic progress, this research
only implemented models for progress in Mathematics and Spanish Language, simply because
no other longitudinal test data were available at the time of this research. However, the latest
reforms to the educational quality assurance system foresee the application of tests in other

subjects longitudinally, as well as the collection of data regarding non-academic outcomes.

The second main caveat of this research is that the stability over time of the estimated school
effects has not been studied. This is again related to data availability, because, as mentioned
before in Chapter 3 of this thesis, the cohort under study (2004-2006) is the only one moving
from the last year of primary school to secondary school that was available at the time of this
research. Nonetheless, as is the case of the first main caveat, the latest reforms can remedy
this situation and in a few years’ time the SIMCE information system will be much more

enriched.

On another front, as discussed in chapter 3, it goes without saying the importance of
adequately handling the missingness in statistical modelling. However, the complexity of the
models and the size of the data sets can certainly be an obstacle. In this research, one of the
most important measures to be analysed are the school residuals, which were used to derive
school accountability measures. For convenience, complete case analyses were carried out in
all stages of this research, since the computational burden and complexity outweighed the
potential benefits of conducting multiple imputation. A somewhat similar approach was
adopted in previous studies (see for example: Leckie, 2009; Rasbash et al., 2010). Moreover,
Gelman et al. (2005) recognise the impracticality of post-estimation procedures with multiply
imputed data sets and, especially, in latent factor analysis and multilevel settings. Nevertheless,
the authors describe and discuss methods to carry out post-estimation procedures, making full
use of multiply imputed data sets. This could potentially be a fruitful avenue to explore in

further work.

Despite these limitations, the analyses presented in this thesis have been carried out
rigorously and have demonstrated practical adequacy to support its value. Moreover, the
conclusions arising from these analyses can serve as a guide for future research, tackling the
present limitations with further data to come in subsequent years and build upon their

strengths.

8.6. Recommendations for future research

It has been underlined previously that the extensions to the traditional school value-added
models presented in this research are not negligible and not trivial whatsoever. Hence, further

research on school value-added in Chile needs to incorporate at least information on
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classrooms, primary schools and local authorities, as well as outcomes from diverse subjects.

Failing to do so would resonate on the reliability of the estimated school effects.

Prospectively, further models could be built up from the models presented in this thesis
introducing additional data to come in subsequent years. Firstly, information from multiple
cohorts could help improve the reliability and precision of the estimation of school effects by
analysing their stability or change over time. This would be especially useful for an
accountability system, because it would contribute to ascertain which schools are moving
across classifications, either upwards or downwards. An additional source of insight might be
gained through implementing a probabilistic approach to school classifications as discussed in
Chapter 7. Eventually, these processes of change could also be further investigated via

qualitative research.

Secondly, information from additional multiple outcomes could be used to ascertain further
relationships between subjects and eventually non-academic outcomes. This would certainly
contribute to provide a wider picture of pupils' progress and school value-added, which can be
purposefully used for planning and implementing school interventions. At the school or
classroom level, it would most likely allow a closer examination of the results of shared
teaching practices and collaboration across subjects. At the pupil-level, such analyses could
eventually contribute to a deeper knowledge of the learning process, which in turn can be
used as valuable insight for curriculum planning. This insight could potentially be enriched with
further information about teachers; however, this conveys the obstacle of the SIMCE
databases not allowing the linkage between teachers and specific classrooms within secondary
schools. This is an issue that should be resolved in subsequent waves of the SIMCE tests.
Furthermore, an investigation of the relationship between non-academic outcomes (which are
not necessarily related to school practices) and achievement of the curriculum goals, which are
more likely to be related to school practices, might also be of special interest for qualitative

inquiry.

Thirdly, regarding internal school accountability, further research could benefit with additional
data on malleable pupil-level and school-level factors. In this research, the effect of the latent
variable cultural capital was analysed; however, the particular specification of the
measurement model could eventually be modified or extended to include more variables
related to reading and study habits, as well as parental involvement, should such data become

available.

On a side note, future research would certainly benefit from tackling issues surrounding

missing data. As mentioned in the previous section, Gelman et al. (2005) describe and discuss
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methods to carry out post-estimation procedures to make full use of multiply imputed data

sets.

Lastly, there are other possible avenues for further research regarding connections beyond
those between multiple subjects. Given the importance of the context where the learning
process takes place, connections between pupils as social networks are potentially a fruitful
choice for closer investigation. This is supported by the evidence found in this research that
cultural capital also has a relevant contextual component. Moreover, connections between
schools can also be thought of as relevant factors influencing school effectiveness; the
underlying mechanism could be via shared human and financial resources between schools
within private consortia or public associations. The combination of all these potential factors

would require the adoption of a multilevel social network analysis approach.

8.7. Final remarks

As can be seen from the previous discussions, the analysis of academic performance is
multifaceted and may seem inextricable at times. Nevertheless, the challenge that this task
poses can be taken up gradually if approached with appropriate research questions, theories
and methods. This research demonstrated that the current sophistication of the statistical
tools and its foreseeable future sophistication, along with the ever-increasing availability of
data and computational capacity, allow pushing the boundaries of standard approaches and
tackling the complexity to achieve a better understanding of the phenomenon. This can

ultimately yield benefits not only for the pupils and the schools, but also for Society as a whole.

Ultimately, the overall contribution and significance of this research lies in the fact that it
demonstrates the methodological and substantive value of extending the traditional approach
of school value-added. For the methodological point of view, this research showed how the
extensions are valid and useful for analysing progress in Mathematics and Language, either for
the purpose of external school accountability or school improvement. From the substantive
point of view, this thesis showed that these extensions are useful tools for better informed
public policy. Finally, this research contributes to a deeper knowledge of how the school
effectiveness phenomenon in the context of an unequal developing country such as Chile,

differs with respect to how it takes shape in more egalitarian developed countries.
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Appendices

Appendix 1: Complementary and intermediate models from Chapter 4

1.1 Fixed-effects parameters of the CVA model for progress in Mathematics without
controlling for cross-level interaction effects.

Main effectst Coef. S. E. z P>z 95% Conf. Int.

Intercept -0.309 0.015  -20.515 0.000 -0.338 -0.279
Prior attainment 0.598 0.004 160.252 0.000 0.590 0.605
Male 0.069 0.005 15.200 0.000 0.060 0.078
Lower-middle income 0.018 0.004 4.129 0.000 0.010 0.027
Upper-middle income 0.031 0.007 4.331 0.000 0.017 0.044
High income 0.035 0.010 3.454 0.001 0.015 0.056
Held back -0.259 0.008 -33.613 0.000 -0.275 -0.244
Lower-middle SES 0.108 0.018 6.113 0.000 0.073 0.142
Middle SES 0.305 0.020 15.138 0.000 0.266 0.345
Upper-middle SES 0.532 0.024 21.912 0.000 0.484 0.579
Upper SES 0.724 0.046 15.584 0.000 0.633 0.816
Subsidised independent 0.055 0.015 3.716 0.000 0.026 0.085
Independent 0.027 0.043 0.617 0.537 -0.058 0.111
Interaction effectst Coef. S.E. z P>z 95% Conf. Int.

Prior att. & Male -0.010 0.003 -3.290 0.001 -0.017 -0.004
Prior att. & Low-mid income 0.009 0.003 2.695 0.007 0.002 0.016
Prior att. & Up-mid income 0.015 0.005 2.984 0.003 0.005 0.025
Prior att. & High income 0.020 0.007 3.043 0.002 0.007 0.033
Prior att. & Held back -0.071 0.005 -13.800 0.000 -0.081 -0.061
Male & Low-mid income -0.012 0.006 -1.887 0.059 -0.024 0.000
Male & Up-mid income -0.017 0.009 -1.794 0.073 -0.036 0.002
Male & High income 0.002 0.012 0.138 0.891 -0.021 0.025
Male & Held back 0.081 0.009 8.915 0.000 0.063 0.098

Note: The random part and the model fit information are displayed in Tables 4.10 and 4.11, respectively.
T Reference categories: Female; Low income; Not held back; State-funded school and Low school SES.
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1.2. Fixed-effects parameters of the CVA model for progress in Mathematics controlling
for cross-level interaction effects and including non-significant interactions between prior
attainment and income.

Main effectst Coef. S.E. z P>z 95% Conf. Int.
Intercept -0.318 0.015 -20.573 0.000 -0.348  -0.288
Prior attainment 0.582 0.006 95.356 0.000 0.570 0.594
Male 0.069 0.005 15.064 0.000 0.060 0.077
Lower-middle income 0.018 0.004  4.045 0.000 0.009 0.027
Upper-middle income 0.032 0.007 4.503 0.000 0.018 0.046
High income 0.036 0.011 3.411 0.001 0.015 0.056
Held back -0.258 0.008 -33.398 0.000 -0.273 -0.243
Lower-middle SES 0.113 0.018 6.194 0.000 0.077 0.149
Middle SES 0.330 0.021  15.900 0.000 0.289 0.371
Upper-middle SES 0.549 0.025 22.228 0.000 0.500 0.597
Upper SES 0.749 0.047 15.991 0.000 0.657 0.840
Subsidised independent 0.063 0.015 4.133 0.000 0.033 0.092
Independent 0.028 0.043  0.645 0.519 -0.057 0.113
Interaction effectst Coef. S.E. z P>z 95% Conf. Int.
Prior att. & Male -0.011 0.003 -3.339 0.001 -0.017  -0.004
Prior att. & Low-mid income# 0.002 0.004 0.557 0.577 -0.005 0.009
Prior att. & Up-mid income%* 0.003 0.005 0.625 0.532 -0.007 0.014
Prior att. & High income# 0.009 0.008 1.163 0.245 -0.006 0.025
Prior att. & Held back -0.067 0.005 -12.946 0.000 -0.077  -0.057
Male & Low-mid income# -0.012 0.006 -1.930 0.054 -0.024  0.0002
Male & Up-mid income#* -0.017 0.009 -1.823 0.068 -0.036 0.001
Male & High income#* 0.001 0.012 0.117 0.907 -0.022 0.024
Male & Held back 0.081 0.009 8.898 0.000 0.063 0.098
Prior attainment & Low-mid SES 0.0002 0.007 0.024 0.981 -0.013 0.013
Prior attainment & Middle SES 0.043 0.008 5.451 0.000 0.028 0.059
Prior attainment & Up-mid SES 0.046 0.010 4.667 0.000 0.027 0.066
Prior attainment & Upper SES 0.011 0.021 0.546 0.585 -0.029 0.052
Prior attainment & Subs.

independent 0.013 0.005 2.506 0.012 0.003 0.024

Prior attainment & Independent 0.020 0.019 1.051 0.293 -0.017 0.057

T Reference categories: Female; Low income; Not held back; State-funded school and Low school SES.

¥ These interactions became non-significant after specifying the cross-level interaction effects, and hence
they were removed from subsequent models.
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1.3. Fixed-effects parameters of the CVA model for progress in Mathematics controlling
for cross-level interaction effects and including non-significant interactions between gender
and school characteristics.

Main effectst Coef. S. E. z P>z 95% Conf. Int.
Intercept -0.317 0.016 -19.813  0.000 -0.348 -0.286
Prior attainment 0.581 0.006 96.833 0.000 0.569 0.593
Male 0.067 0.008 8.375 0.000 0.051 0.083
Lower-middle income 0.017 0.005 3.4 0.001 0.007 0.027
Upper-middle income 0.030 0.007 4.286 0.000 0.016 0.044
High income 0.034 0.011  3.091 0.002 0.012 0.056
Held back -0.258 0.008 -32.25 0.000 -0.274 -0.242
Lower-middle SES 0.109 0.019 5.737 0.000 0.072 0.146
Middle SES 0.331 0.021 15.762 0.000 0.290 0.372
Upper-middle SES 0.550 0.025 22 0.000 0.501 0.599
Upper SES 0.746 0.049 15.224 0.000 0.650 0.842
Subsidised independent 0.064 0.015  4.267 0.000 0.035 0.093
Independent 0.032 0.045 0.711 0.477 -0.056 0.120
Interaction effectst Coef. S.E. z P>z 95% Conf. Int.
Prior attainment & Male -0.010 0.003 -3.333 0.001 -0.016 -0.004
Prior attainment & Low-mid income 0.002 0.004 0.5 0.617 -0.006 0.010
Prior attainment & Up-mid income 0.003 0.005 0.6 0.549 -0.007 0.013
Prior attainment & High income 0.009 0.008 1.125 0.261 -0.007 0.025
Prior attainment & Held back -0.067 0.005 -13.4 0.000 -0.077 -0.057
Male & Low-mid income# -0.010 0.006 -1.667 0.096 -0.022 0.002
Male & Up-mid income%* -0.013 0.010 -1.3 0.194 -0.033 0.007
Male & High income#* 0.006 0.015 0.4 0.689 -0.023 0.035
Male & Held back 0.080 0.009 8.889 0.000 0.062 0.098
Male & Low-mid SES# 0.012 0.010 1.200 0.230 -0.008 0.032
Male & Middle SES* -0.004 0.012 -0.333 0.739 -0.028 0.020
Male & Up-mid SES* -0.004 0.016 -0.25 0.803 -0.035 0.027
Male & Upper SES# 0.008 0.035 0.229 0.819 -0.061 0.077
Male & Subs. Indept. -0.006 0.008 -0.75 0.453 -0.022 0.010
Male & Independent# -0.011 0.032 -0.344 0.731 -0.074 0.052
Prior attainment & Low-mid SES -0.001 0.007 -0.143 0.886 -0.015 0.013
Prior attainment & Middle SES 0.043 0.008 5.375 0.000 0.027 0.059
Prior attainment & Up-mid SES 0.046 0.010 4.6 0.000 0.026 0.066
Prior attainment & Upper SES 0.011 0.021 0.524 0.600 -0.030 0.052
Prior attainment & Subs. independent 0.014 0.005 2.8 0.005 0.004 0.024
Prior attainment & Independent 0.020 0.019 1.053 0.293 -0.017 0.057

t Reference categories: Female; Low income; Not held back; State-funded school and Low school SES.
T These interactions became non-significant after specifying the cross-level interaction effects, and hence they
were removed from subsequent models.
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1.4. Fixed-effects parameters of the traditional 2-level CVA model for progress in
Mathematics used to compare with the extended 4-level CVA model of chapter 4.

Main effectst Coef. S.E. z P>z 95% Conf. Int.

Intercept -0.274  0.015 -18.405 0.000 -0.303 -0.245
Prior attainment 0.622  0.006 99.345 0.000 0.610 0.634
Male 0.055 0.004 14.685 0.000 0.048 0.062
Lower-middle income 0.017 0.003 5.081 0.000 0.010 0.024
Upper-middle income 0.031 0.005 5.772 0.000 0.020 0.041
High income 0.049  0.008 6.190 0.000 0.033 0.064
Held back -0.289  0.008 -36.374 0.000 -0.305 -0.274
Lower-middle SES 0.081 0.018 4.519 0.000 0.046 0.117
Middle SES 0.263 0.020 13.214 0.000 0.224 0.302
Upper-middle SES 0.470 0.024 19.997 0.000 0.424 0.516
Upper SES 0.663 0.045 14.787 0.000 0.575 0.751
Subsidised independent 0.034 0.015 2.203 0.028 0.004 0.064
Independent 0.009 0.042 0.223 0.824 -0.073 0.092
Interaction effectst Coef. S.E. z P>z 95% Conf. Int.

Prior att. & Male -0.010 0.003 -3.099 0.002 -0.016 -0.004
Prior att. & Held back -0.082  0.005 -15.500 0.000 -0.093 -0.072
Male & Held back 0.084  0.009 9.032 0.000 0.066 0.102
Prior att. & Low-mid SES -0.002 0.007 -0.343 0.732 -0.017 0.012
Prior att. & Middle SES 0.025 0.008 3.098 0.002 0.009 0.041
Prior att. & Up-mid SES 0.020 0.010 2.048 0.041 0.001 0.039
Prior att. & Upper SES -0.018 0.021 -0.874 0.382 -0.059 0.023
Prior att. & Subs. independent -0.018  0.006 -3.022 0.003 -0.030 -0.006
Prior att. & Independent -0.006  0.020 -0.303 0.762 -0.045 0.033

t Reference categories: Female; Low income; Not held back; State-funded school and Low school SES.

1.5. Random-effects parameters of the traditional 2-level CVA model for progress in
Mathematics used to compare with the extended 4-level CVA model of chapter 4.

Parameter

Level 2: School Estimate S.E. Correlation 95% Coverage int.
Variance (Intercept) 0.074 0.003 -- 0.069 0.079
Covariance (Prior attainment, Intercept) 0.006 0.001 0.284 0.004 0.007
Variance (Prior attainment) 0.006 0.0004 -- 0.005 0.007
Covariance (Male, Intercept) 0.001 0.001 0.064 -0.001 0.003
Covariance (Male, Prior attainment) -0.001 0.0004 -0.158 -0.002 -0.0001
Variance (Male) 0.005 0.001 - 0.004 0.007
Level 1: Pupil Estimate S.E. Correlation 95% Coverage int.
Variance (Intercept) 0.306 0.001 -- 0.304 0.308
Model fit information

Deviance 308863.1

AlC 308921.1

Number of parameters 29
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Appendix 2: Complementary and intermediate models from Chapter 5

2.1. Fixed-effects parameters from the CVA bivariate model for progress in Mathematics and
Language, including cross-level interaction effects and the non-significant interaction between prior
attainment and income.

Fixed effects Mathematicst "Fixed effects Language™t

Pupil-level Pupil-level

main effects# Coef. S.E. 95% C.I.  [main effectst Coef.  S.E. 95% C.I.
Intercept -0.343 0.016 -0.373 -0.312|intercept -0.234 0.012 -0.258 -0.210
Prior attainment 0.551 0.006 0.540 0.562 ||Prior attainment 0.615 0.006 0.605 0.626
Male 0.079 0.005 0.070 0.088 [|[Male -0.032 0.005 -0.042 -0.023

Lower-middle income 0.017 0.004 0.008 0.025 [Lower-middle income 0.033 0.005 0.023 0.042
Upper-middle income 0.032 0.007 0.018 0.046 (|Upper-middle income 0.063 0.008 0.047 0.079

High income 0.040 0.010 0.019 0.060 [High income 0.061 0.012 0.038 0.085
Held back -0.269 0.008 -0.284 -0.254|Held back -0.219 0.008 -0.236 -0.203
School-level School-level

main effects§ Coef.  S.E. 95% C.I.  [main effects§ Coef.  S.E. 95% C.l.
Subs. Indep. school 0.059 0.016 0.028 0.090 (Subs. Indep. school 0.049 0.012 0.026 0.073
Independent school 0.023 0.045 -0.066 0.111 [Independent school 0.024 0.036 -0.048 0.095
Low-mid school SES 0.104 0.019 0.067 0.141 |Low-mid school SES 0.071 0.014 0.043 0.099
Middle school SES 0.320 0.022 0.278 0.363 [[Middle school SES 0.255 0.017 0.222 0.287
Up-mid school SES 0.554 0.026 0.503 0.605 [[Up-mid school SES 0.437 0.020 0.397 0.477
Upper school SES 0.777 0.049 0.683 0.873 (|Upper school SES 0.624 0.040 0.546 0.701
Pupil-level Pupil-level

interaction effectst Coef. S.E. 95% C.1. Hinteraction effectst Coef. S.E. 95% C.I.
Prior att. & Male -0.006 0.003 -0.012 0.000 |Prior att. & Male -0.049 0.003 -0.056 -0.043

Prior att. & Low-mid inc. 0.002 0.003 -0.005 0.009 |Prior att. & Low-mid inc. -0.007 0.004 -0.015 0.000
Prior att. & Up-midinc. 0.004 0.005 -0.006 0.014 |Prior att. & Up-midinc.  0.004 0.006 -0.008 0.016

Prior att. & High inc. 0.010 0.008 -0.006 0.025 [Prior att. & High inc. 0.003 0.009 -0.015 0.021
Prior att. & Held back -0.068 0.005 -0.078 -0.058||Prior att. & Held back -0.069 0.005 -0.080 -0.059
Male & Low-mid inc. -0.013 0.006 -0.025 -0.001|Male & Low-mid inc. -0.004 0.007 -0.017 o0.010
Male & Up-mid inc. -0.020 0.009 -0.038 -0.001|Male & Up-mid inc. -0.013 0.011 -0.034 0.008
Male & High inc. -0.003 0.012 -0.026 0.020 [[Male & High inc. 0.019 0.013 -0.006 0.044
Male & Held back 0.084 0.009 0.066 0.102 [|[Male & Held back 0.029 0.010 0.009 0.049
Cross-level Cross-level

interaction effects¥§ Coef.  S.E. 95% C.l. Hinteraction effectst§ Coef. S.E. 95% C.l.

Prior att. & Subs. Indep.  0.012 0.005 0.002 0.022 |Prior att. & Subs. Indep. -0.001 0.005 -0.010 0.009
Prior att. & Indep school 0.014 0.018 -0.022 0.049 |Prior att. & Indep school 0.031 0.019 -0.006 0.069
Prior att. & Low-mid SES -0.011 0.006 -0.023 0.002 |Prior att. & Low-mid SES -0.022 0.006 -0.034 -0.010
Prior att. & Middle SES ~ 0.021 0.007 0.006 0.035 |Prior att. & Middle SES ~ -0.012 0.007 -0.026 0.002
Prior att. & Up-Mid SES  0.020 0.009 0.001 0.038 ||Prior att. & Up-Mid SES  -0.009 0.009 -0.027 0.009

Prior att. & Upper SES -0.022 0.020 -0.060 0.017 |[Prior att. & Upper SES -0.054 0.021 -0.094 -0.013
T These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain length: 300,000; burn-in: 500;
storing all iterations. All fixed-effects parameters have an effective sample size of at least 5,500.

¥ Reference categories for pupil-level variables: Female; Low income and Not held back.

§ Reference categories for school-level variables: State-funded school and Low school SES.
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2.2. Extended MCMC information of the fixed-effects parameters from full bivariate 5-level CVA
model for progress in Mathematics and Spanish Language.

Fixed effects Mathematicst

Pupil-level main effectst Coef. S.E. Median 95% C.I. ESS
Intercept -0.342 0.016 -0.342 -0.372 -0.312 5733
Prior attainment 0.551 0.006 0.551 0.540 0.563 61229
Male 0.079 0.005 0.079 0.070 0.088 87751
Lower-middle income 0.016 0.004 0.016 0.008 0.025 174113
Upper-middle income 0.032 0.007 0.032 0.018 0.046 171654
High income 0.044 0.010 0.044 0.025 0.062 154029
Held back -0.269 0.008 -0.269 -0.284 -0.254 182095
School-level main effects§ Coef. S.E. Median 95% C.l. ESS
Subsidised Indep. school 0.059 0.016 0.059 0.029 0.090 3815
Independent school 0.022 0.045 0.022 -0.067 0.110 9825
Lower-middle school SES 0.104 0.019 0.104 0.067 0.141 4447
Middle school SES 0.320 0.022 0.320 0.278 0.363 4120
Upper-middle school SES 0.554 0.026 0.554 0.503 0.605 4907
Upper school SES 0.775 0.049 0.775 0.680 0.872 9738
Pupil-level interaction effectst Coef. S.E. Median 95% C.I. ESS
Prior att. & Male -0.006 0.003 -0.006 -0.012 0.0002 114684
Male & Low-mid income -0.013 0.006 -0.013 -0.025 -0.001 170486
Male & Up-mid income -0.019 0.009 -0.019 -0.038 -0.001 167423
Male & High income -0.002 0.012 -0.002 -0.024 0.021 132734
Prior att. & Held back -0.068 0.005 -0.068 -0.078 -0.058 177124
Male & Held back 0.084 0.009 0.084 0.066 0.102 186244
Cross-level interaction effectst§ Coef. S.E. Median 95% C.I. ESS
Prior att. & Subs. Indep. 0.012 0.005 0.012 0.002 0.022 35358
Prior att. & Indep. school 0.015 0.018 0.015 -0.020 0.050 71151
Prior att. & Low-mid SES -0.010 0.006 -0.010 -0.023 0.002 55481
Prior att. & Middle SES 0.022 0.007 0.022 0.008 0.036 52990
Prior att. & Up-Mid SES 0.023 0.009 0.023 0.005 0.040 55033
Prior att. & Upper SES -0.016 0.019 -0.016 -0.053 0.021 73601
Fixed effects Languaget

Pupil-level main effectst Coef. S.E. Median 95% C.I. ESS
Intercept -0.234 0.012 -0.234 -0.257 -0.210 7959
Prior attainment 0.615 0.006 0.615 0.604 0.626 81059
Male -0.033 0.005 -0.032 -0.042 -0.023 104299
Lower-middle income 0.032 0.005 0.032 0.022 0.041 182518
Upper-middle income 0.067 0.008 0.067 0.051 0.082 183570
High income 0.065 0.011 0.065 0.044 0.086 167981
Held back -0.220 0.008 -0.220 -0.236 -0.203 188638
School-level main effects§ Coef. S.E. Median 95% C.I. ESS
Subsidised Indep. school 0.049 0.012 0.049 0.026 0.072 5030
Independent school 0.023 0.036 0.023 -0.048 0.094 14208
Lower-middle school SES 0.071 0.015 0.071 0.043 0.100 6088
Middle school SES 0.254 0.017 0.254 0.222 0.287 5509
Upper-middle school SES 0.436 0.020 0.436 0.396 0.475 6573
Upper school SES 0.622 0.039 0.622 0.544 0.700 13710
Pupil-level interaction effectst Coef. S.E. Median 95% C.I. ESS
Prior att. & Male -0.050 0.003 -0.050 -0.056 -0.043 133007
Male & Low-mid income -0.002 0.007 -0.002 -0.016 0.012 179897
Male & Up-mid income -0.014 0.011 -0.014 -0.035 0.007 176131
Male & High income 0.019 0.013 0.019 -0.006 0.044 146857
Prior att. & Held back -0.069 0.005 -0.069 -0.080 -0.058 182983
Male & Held back 0.029 0.010 0.029 0.009 0.049 188431
Cross-level interaction effectst§ Coef. S.E. Median 95% C.I. ESS
Prior att. & Subs. Indep. -0.001 0.005 -0.001 -0.010 0.009 51727
Prior att. & Indep. school 0.033 0.019 0.033 -0.004 0.070 105111
Prior att. & Low-mid SES -0.023 0.006 -0.023 -0.035 -0.011 74535
Prior att. & Middle SES -0.014 0.007 -0.014 -0.028 -0.001 71617
Prior att. & Up-Mid SES -0.010 0.009 -0.010 -0.026 0.007 76865
Prior att. & Upper SES -0.052 0.020 -0.052 -0.091 -0.013 105912

T These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain length: 215,000; burn-in:
500; storing all iterations. Trajectories are depicted for the shaded parameter values only as they are representative of all the
estimated fixed-effects parameters. More details are given below. ESS=Effective sample size.

f Reference categories for pupil-level variables: Female; Low income and Not held back.

§ Reference categories for school-level variables: State-funded school and Low school SES.
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2.3. Trajectories and Density of the fixed-effect parameter for prior attainment in Mathematics

from the full bivariate CVA model for progress in Mathematics and Spanish Language.
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2.4. Trajectories and Density of the fixed-effect parameter for prior attainment in Spanish

Language from the full bivariate CVA model for progress in Mathematics and Spanish Language.
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2.5. Extended MCMC information of the random-effects parameters from full bivariate 5-level
CVA model for progress in Mathematics and Spanish Language.

Levels Parameterst Coef. S.E.  Median Corr. 95% C.I. ESS
Var. (Intercept Maths) 0.059 0.003 0.059 -- 0.054 0.065 17160
Var. (Intercept Language) 0.028 0.002 0.028 - 0.025 0.031 9180
Cov. (Int. Maths, Int. Language) 0.035 0.002 0.035 0.873 0.032 0.039 15182
Cov. (Prior att. Maths, Int. Maths) 0.003 0.001 0.003 0.204 0.002 0.004 15864
Cov. (Prior att. Maths, Int. Lang.) 0.002 0.0005 0.002 0.214 0.001 0.003 12349
Var. (Prior att. Maths) 0.004 0.0003 0.004 = 0.003 0.005 14733
Cov. (Prior att. Lang., Int. Maths) 0.003 0.001 0.003 0.288 0.002 0.005 9287
Cov. (Prior att. Lang., Int. Lang.) 0.003 0.0005 0.003 0.344 0.002 0.004 6307
Cov. (Prior att Lang, Prior att. Maths)  0.003 0.0002 0.003 0.836 0.002 0.003 13011
Var. (Prior att. Language) 0.002 0.0003 0.002 = 0.002 0.003 3752

:iﬁg:ﬁary Cov. (Male Maths, Int. Maths) 0.002 0001 0.002 0111 -0.0004 0.004 7001
Cov. (Male Maths, Int. Language) 0.002 0.001 0.002 0.149 0.0001 0.003 6024

Cov. (Male Maths, Prior att. Maths) ~ 0.00004 0.0003 0.00004 0.01 -0.001 0.001 5780
Cov. (Male Maths, Prior att. Lang.) -0.0001 0.0003 -0.0001 -0.044 -0.001 0.0005 2998

Var. (Male Maths) 0.004 0.001 0.004 - 0.003 0.006 2668
Cov. (Male Lang., Int. Maths) 0.004 0.001 0.004 0.292 0.002 0.006 3532
Cov. (Male Lang., Int. Lang.) 0.004 0.001 0.004 0.422 0.002 0.005 2399
Cov. (Male Lang., Prior att. Maths) 0.0002 0.0003 0.0002 0.054 -0.0005 0.001 2668
Cov. (Male Lang., Prior att. Lang.) 0.0005 0.0003 0.0005 0.182 -0.0001 0.001 1844
Cov. (Male Lang., Male Maths) 0.002 0.001 0.002 0.647 0.001 0.003 1598
Var. (Male Lang.) 0.003 0.001 0.003 - 0.002 0.004 1039
Var. (Intercept Maths) 0.039 0.001 0.039 - 0.037 0.041 35076
Classes Cov. (Int. Maths, Int. Language) 0.025 0.001 0.025 0.784 0.023 0.026 32363
Var. (Intercept Language) 0.025 0.001 0.025 - 0.023  0.026 22216
Var. (Intercept Maths) 0.276  0.001  0.276 - 0.274  0.278 159869
Pupils Cov. (Int. Maths, Int. Language) 0.079 0.001 0.079 0.248 0.077 0.081 144104
Var. (Intercept Language) 0.368 0.001 0.368 - 0.365 0.37 157203
Var. (Intercept Maths) 0.004 0.001 0.004 - 0.002 0.006 2294
t\?;:lorities Cov. (Int. Maths, Int. Language) 0.003 0.001 0.003 0.858 0.001 0.004 2604
Var. (Intercept Language) 0.002 0.001 0.002 -- 0.001 0.004 3368
Var. (Intercept Maths) 0.007 0.0004 0.007 - 0.007 0.008 14625
SPZL";:Z Cov. (Int. Maths, Int. Language) 0.004 0.0003 0.004 0.765 0.003 0.005 8322
Var. (Intercept Language) 0.004 0.0003 0.004 -- 0.003 0.004 3487

T These parameters have been obtained via MCMC estimation with Gibbs sampling. Monitoring chain length: 215,000; burn-in:
500; storing all iterations. Trajectories are depicted for the shaded parameter values only as they are representative of all the
estimated fixed-effects parameters. More details are given below. ESS=Effective sample size.
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2.6. Trajectories and Density of the random-effect parameter for the coefficient of prior
attainment in Mathematics at the secondary school level from the full bivariate CVA model for

progress in Mathematics and Spanish Language.

Coefficient for the residual variance
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2.7. Trajectories and Density of the random-effect parameter for the coefficient of prior

attainment in Spanish Language at the secondary school level from the full bivariate CVA model for

progress in Mathematics and Spanish Language.
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Appendix 3: Extended information of full model from chapter 6

3.1. Random-effects parameters of the full bivariate model for internal school
accountability and progress in Mathematics and Spanish Language.

Parameter Estimate S.E. Correlation 95% Coverage int.

Level 3: Local Authority

Var. (Intercept Maths) 0.010 0.002 1.000 0.006 0.014
Cov. (Int. Maths, Int. Language) 0.008 0.001 0.961 0.005 0.011
Var. (Intercept Language) 0.006 0.001 1.000 0.004 0.009
Level 2: School

Var. (Intercept Maths) 0.071 0.002 0.067 0.076
Cov. (Prior att. Maths, Int. Maths) -0.0002 0.001 -0.008 -0.001 0.001
Var. (Prior att. Maths) 0.006 0.0003 0.005 0.006
Cov. (Int. Maths, Int. Language) 0.043 0.002 0.834 0.040 0.046
Cov. (Prior att. Maths, Int. Lang.) -0.0001 0.001 -0.008 -0.001 0.001
Var. (Intercept Language) 0.037 0.001 0.034 0.040
Cov. (Prior att. Lang., Int. Maths) -0.00001 0.001 -0.0003 -0.001 0.001
Cov. (Prior att. Lang., Prior att. Maths) 0.004 0.0002 0.862 0.003 0.004
Cov. (Prior att. Lang., Int. Lang.) 0.001 0.0004 0.084 0.00005 0.002
Var. (Prior att. Language) 0.003 0.0003 0.003 0.004
Level 1: Pupil

Var. (Intercept Maths) 0.307 0.001 0.305  0.310
Cov. (Int. Maths, Int. Language) 0.096 0.001 0.280 0.094 0.098
Var. (Intercept Language) 0.383 0.001 0.381  0.386

3.2 Model fit information of the full bivariate model for internal school accountability

and progress in Mathematics and Spanish Language.

Statistict Value
Log likelihood -320252
Deviance 640503
AlIC 640611
Number of parameters 54
Units: Local Authorities 320
Units: Schools 2438
Units: Pupils 183142

t Model estimated via the IGLS algorithm.
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Appendix 4: Imputation model

4.1. Comparison between complete-case analysis and imputation model on a sample of
the full dataset.

Complete cases Imputation model
Fixed Part Coef. S.E. Coef. S.E.
Pupil-levelt
Intercept -0.234 0.041  *** -0.234 0.039  ***
Prior attainment 0.633 0.017  *** 0.631 0.017  ***
Male 0.060 0.029 * 0.049 0.029
Lower-middle income 0.051 0.036 0.051 0.039
Upper-middle income 0.059 0.055 0.045 0.056
High income 0.084 0.088 0.086 0.091
Held back -0.176 0.049  *** -0.188 0.049  ***
School-level§
Subsidised independent 0.052 0.035 0.052 0.033
Independent 0.089 0.158 0.098 0.155
Lower-middle SES 0.090 0.044 * 0.084 0.043 *
Middle SES 0.262 0.054  *** 0.273  0.052  ***
Upper-middle SES 0.461 0.072  *** 0.483 0.071  ***
Upper SES 0.521 0.178  ** 0.518 0.175 **
Random Part Coef. S.E. Coef. S.E.
Level 2: School
Var (Intercept) 0.073 0.016 0.055 0.015
Level 1: Pupil
Var (Intercept) 0.284 0.017 0.314 0.017
Model information
Deviance 3127.1 N/A
Units: Schools 1277 1277
Units: Pupils 1743 1914

*p<0.05 **p<0.01  *** p<0.001
¥ Reference categories for pupil-level variables: Female; Low income and Not held back.
§ Reference categories for school-level variables: State-funded school and Low school SES.

The table above compares the results of two simple 2-level CVA models fitted on a 1% sample
of the full dataset. The first model is a complete-case analysis, in which missing cases are
deleted listwise. The second model corresponds to the pooled results of a model fitted on 10
imputed datasets. The imputation model was run using the software package REALCOM-
IMPUTE (Carpenter et al., 2011). The model of interest and the imputation model were kept

deliberately simple, because of the computational burden of complex models.

The estimates show that very little is found the fixed-effects coefficients. With the sole
exception of the coefficient for male pupils, the rest of the coefficients have remained
unchanged. The imputation model shows that the effect of being male is not significant when

using the multiply-imputed datasets; however, it is known from the models presented in
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chapters 4, 5 and 6 that this effect significantly interacts with other variables at the level of
pupils, i.e. prior attainment, year repetition and income. The omission of those interactions

might well explain the change in the coefficient.

With respect to the random-effects parameters, it is appreciated that the pooled results show
a different variance partitioning between pupils and schools. This is by no means a concern,
insofar as the results from the imputation model constitute further evidence of the
overestimation of the school effects in the traditional models. Furthermore, the increased
variance at the pupil level in the pooled results might well be due to the omission of the

classroom level.

This imputation analysis is meant to be an illustration of the potential bias in the models. In
any case, as mentioned in chapter 3, the main aim of this thesis was to estimate more reliable
school accountability measures, i.e. the residuals at the school level derived from the
multilevel models. The currently available imputation methods are not capable of estimating
these residuals on multiply-imputed datasets, and thus, this exercise can only be taken as a
possible indication of how the estimates could change. Further research could explore these

issues more deeply.
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Appendix 5: Assumptions checking

5.1.

5.2

Maormal F[{c307-m)k]
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Normality of intercept residuals at the secondary school level from full 4-level CVA model for
progress in Mathematics (Chapter 4, Tables 4.12 and 4.13)
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Normality of prior attainment slope variance residuals at the secondary school level from full
4-level CVA model for progress in Mathematics (Chapter 4, Tables 4.12 and 4.13)

a) Normal probability plot of residuals
Maths prior attainment in a 4-level model
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b) Normal quantile plot of residuals
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5.4.

Normality of male pupils' variance residuals at the secondary school level from full 4-level

CVA model for progress in Mathematics (Chapter 4, Tables 4.12 and 4.13)

Normal F | c308-m)&]

5.4.

a) Normal probability plot residual
variance for males in a 4-level model
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Empirical FJi] = i(M+1)

b) Normal quantile plot of residual
variance for males in a 4-level model
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Normality of intercept residuals at the secondary school level from full 4-level CVA model for

progress in Spanish Language (Chapter 4, Tables 4.17 and 4.18)
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25 K 075
Empirical Pli]= i{MN+1)

b) Nomal quantile plot of School
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5.5. Normality of prior attainment slope variance residuals at the secondary school level from full

4-level CVA model for progress in Spanish Language (Chapter 4, Tables 4.17 and 4.18)

a)Normal probability plot of residuals b) Normal quantile plot of residuals
_  Spanish prior attainment in a 4-level mode| Spanish prior attainment in a 44evel model
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5.6. Normality of male pupils' variance residuals at the secondary school level from full 4-level

CVA model for progress in Spanish Language (Chapter 4, Tables 4.17 and 4.18)

a}_ Mormal pmbability plc-t residual b} Mormal quantile plot of residual
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5.7. Normality of intercept residuals at the secondary school level in Mathematics from full 5-

level bivariate CVA model for progress in Mathematics and Language (Chapter 5, Tables 5.15 and 5.16)

a) Nomal probability piot of School b) Normal quantile plot of School
Maths residuals in a S4evel bivariate model Maths residuals in a S-level bivariate
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5.8. Normality of prior attainment slope variance at the secondary school level in Mathematics

from full 5-level bivariate CVA model for progress in Mathematics and Language (Chapter 5, Tables

5.15 and 5.16)

a) Normal probability plot of residuals b) Normal quantile plot of residuals
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5.9.

Normality of male pupils' variance residuals at the secondary school level in Mathematics

from full 5-level bivariate CVA model for progress in Mathematics and Language (Chapter 5, Tables

5.15 and 5.16)

5.10.
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a) Normal probability plot residual
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Normality of intercept residuals at the secondary school level in Spanish Language from full

5-level bivariate CVA model for progress in Mathematics and Language (Chapter 5, Tables 5.15 and

5.16)
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5.11.

Normality of prior attainment slope variance at the secondary school level in Spanish

Language from full 5-level bivariate CVA model for progress in Mathematics and Language (Chapter 5,

Tables 5.15 and 5.16)

Naormal F[{c315 mys]
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a) Mormal probability plot of residuals
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b) Mormal quantile plot of residuals
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Normality of male pupils' variance residuals at the secondary school level in Spanish from full

5-level bivariate CVA model for progress in Mathematics and Language (Chapter 5, Tables 5.15 and

5.16)
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b} Mormal quantile plot of residual
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5.14. Homoscedasticity of intercept residuals at the secondary school level from full 4-level CVA

model for progress in Mathematics (Chapter 4, Tables 4.12 and 4.13)

Maths standardised residuals vs
fixed part prediction in 4-level CVA model
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5.14. Homoscedasticity of prior attainment slope variance residuals at the secondary school level

from full 4-level CVA model for progress in Mathematics (Chapter 4, Tables 4.12 and 4.13)

Maths prior attainment standardised variance residuals vs
fixed part prediction in 4-level CVA model
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5.15. Homoscedasticity of male pupils' variance residuals at the secondary school level from full 4-

level CVA model for progress in Mathematics (Chapter 4, Tables 4.12 and 4.13)

Male pupils' standardised variance residuals vs
fixed part prediction in 4-level CVA model
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|
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5.16. Homoscedasticity of intercept residuals at the secondary school level from full 4-level CVA

model for progress in Spanish Language (Chapter 4, Tables 4.17 and 4.18)

Maths standardised residuals vs
fixed part prediction in 4-level CVA model
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5.17. Homoscedasticity of prior attainment slope variance residuals at the secondary school level

from full 4-level CVA model for progress in Spanish Language (Chapter 4, Tables 4.17 and 4.18)

Maths prior attainment standardised variance residuals vs
fixed part prediction in 4-level CVA model
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5.18. Homoscedasticity of male pupils' variance residuals at the secondary school level from full 4-

level CVA model for progress in Spanish Language (Chapter 4, Tables 4.17 and 4.18)

Male pupils' standardised variance residuals vs
fixed part prediction in 4-level CVA model
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5.19. Homoscedasticity of intercept residuals at the secondary school level in Mathematics from
full 5-level bivariate CVA model for progress in Mathematics and Language (Chapter 5, Tables 5.15 and
5.16)

Maths intercept standardised residuals
vs fixed part prediction in 5-level model
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5.20. Homoscedasticity of prior attainment slope variance at the secondary school level in
Mathematics from full 5-level bivariate CVA model for progress in Mathematics and Language

(Chapter 5, Tables 5.15 and 5.16)

Maths prior attainment standardised variance
residuals vs fixed part prediction in 5-level model
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5.21. Homoscedasticity of male pupils' variance residuals at the secondary school level in
Mathematics from full 5-level bivariate CVA model for progress in Mathematics and Language

(Chapter 5, Tables 5.15 and 5.16)

Male Maths standardised variance
residuals vs fixed part prediction in 5-level model
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5.22. Homoscedasticity of intercept residuals at the secondary school level in Spanish Language
from full 5-level bivariate CVA model for progress in Mathematics and Language (Chapter 5, Tables

5.15 and 5.16)

Spanish intercept standardised residuals
vs fixed part prediction in 5-level model
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5.23. Homoscedasticity of prior attainment slope variance at the secondary school level in Spanish
Language from full 5-level bivariate CVA model for progress in Mathematics and Language (Chapter 5,

Tables 5.15 and 5.16)

Spanish prior attainment standardised variance
residuals vs fixed part prediction in 5-level model

Spanish standardised variance residuals
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5.24. Homoscedasticity of male pupils' variance residuals at the secondary school level in Spanish
from full 5-level bivariate CVA model for progress in Mathematics and Language (Chapter 5, Tables

5.15 and 5.16)

Male Spanish standardised variance
residuals vs fixed part prediction in 5-level model
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