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Introduction

In this report, the term value-added modelling is used to denote a class
of statistical models that estimate the relative contributions of schools to
student progress with respect to stated or prescribed education objectives
(e.g. cognitive achievement) measured at at least two points in time. To the
extent that such progress is a desirable outcome of schooling, value-added
modelling can therefore provide a valuable source of information. Indeed, as
Part I makes clear, the output of value-added modelling might be used in
many ways by both education authorities and school officials. There are
many different value-added models in use today, each with its own
advantages and disadvantages. Part II of this report identifies the key issues
in the design of value-added models and then presents descriptions of some
of the more common value-added models. Various statistical and
methodological issues are then discussed to assist policy makers and
administrators in the design of value-added modelling and in choosing the
most appropriate model for school development and to monitor progress
toward specified objectives in their education system.

As discussed earlier, this report maintains a distinction between value-
added modelling and contextualised attainment models. The former always
employ at least one measure of relevant prior academic achievement as a
basis for taking account of differences in enrolled students among schools.
On the other hand, contextualised attainment models do not incorporate
prior achievement measures. Part II presents some empirical results
concerning the advantages of incorporating prior test data into estimates of
school effectiveness. Unfortunately, there is not yet universal agreement on
the collection of statistical models that can appropriately be labelled “value-
added”. For example, suppose that there are two test scores available for
each student (say scores on mathematics in successive grades). If the scores
are expressed on a common scale, then one can calculate the difference (i.e.
the individual gain score). The average gain score over enrolled students can
be viewed as a measure of the school’s value-added. Moreover, the
difference in average gain scores between schools, or the difference between
a school’s average gain score and the mean over all schools of average gain
scores, can be treated as a measure of the relative effectiveness of the
school. Such models have problematic statistical properties because the
adjustments made for the variation among schools in student intake is weak.
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Accordingly, we do not consider them further. However, the reader should
be aware that gain score models are discussed in the literature.

What are the basics of value-added analysis? To begin with, test score
data from a large number of schools are assembled and organised according
to the requirements of the model employed. At a minimum, the data base
should contain for each student: the school attended; standardised test scores
on at least two successive occasions; demographic and other background
information.13 Once the model is applied to the data the output is a set of
numbers, one for each school. These numbers play a role that is similar to
that of the residuals in an ordinary regression. That is, they represent that
part of the school’s outcome (i.e. the average student score) that cannot be
accounted for by the various explanatory variables included in the model.
Like residuals, these numbers average to zero. The number attached to a
particular school is provisionally interpreted as a measure of the school’s
relative performance; that is, it is taken to be an estimate of the difference
between the school’s contribution to its students’ learning and the average
contribution to student learning of all the schools from which the data were
obtained. Hence, these numbers are estimates of school value-added.
Suppose, for example, that the analysis focuses on student performance for a
particular examination. By construction, the residual or value-added
estimate for the average school is zero. Consequently, a positive value-
added estimate means that the corresponding school appears to have made a
greater-than-average contribution, while a negative estimate means that the
corresponding school appears to have made a smaller-than-average
contribution. In the latter case, it is still possible, and even likely, that
students in such a school have realised positive score gains during the period
under study.

In the above example it is important to recognise that a school’s value-
added estimate depends on the schools that are included in the study as
value-added estimates are relatively defined. That is, the model attempts to
account for differences in outcomes across schools in terms of the
differences in student characteristics among schools. The fitted model, and
its success in explaining the variance in outcomes, will be determined by the
school data that is employed. The use of another set of schools will lead to a
different fitted model. The difference between a school’s result and what
would be predicted from the fitted model (i.e. the average outcome) is
denoted the school value-added, since it is that part of the outcome that is
not explained by the measured student characteristics. As indicated in the
previous paragraph, value-added estimates defined in this way are simply
residuals from a regression model and thus, are said to be relatively defined.
The notion of a school performance indicator defined with respect to a

13 Note that although most value-added models do employ non-test data, there are
some that do not. The most prominent example being the EVAAS model.
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particular collection of schools stands in contrast to indicators based on
score gains, which are typically absolutely defined. This is not a
disadvantage but must be kept in mind when interpreting value-added
results. In many applications, interest focuses on those schools whose
estimated contributions are substantially different from the average (i.e.
strongly positive or strongly negative). To this end, most value-added
models also generate an estimated standard error of the school’s value-added
estimate. The ratio of the value-added estimate to its standard error can be
used to determine whether the school estimate is statistically significantly
different from the average. Of course, for policy purposes statistical
significance should be considered in conjunction with practical importance.

School value-added estimates can be calculated separately for each
grade or year level and, if so, are especially useful for diagnostic purposes.
For summary purposes, however, a composite school value-added indicator
is calculated by averaging the value-added estimates for the different grades
in the school. Although this is a convenient measure, it is recommended that
schools with different grade spans are not compared with one another on the
basis of such summary statistics as the statistical properties of the value-
added estimates might vary from one grade to another. Although value-
added estimates are usually called ‘(estimated) school effects’, it must be
borne in mind that even under the best of circumstances these estimated
school effects can only approximate schools’ ‘true’ contributions to student
test score gains (this is discussed more fully below). The term ‘effect’ is
taken from the statistical literature and generally does not imply a causal
contribution. Equally important, statistical analysis alone cannot uncover the
reasons for the (apparent) differences in school performance. Such
explanations require site visits and the accumulation of much richer
qualitative information on the teaching and learning activities in the school.
Finally, schools have many other goals in addition to raising test scores.
Accordingly, school evaluations should take into account a broad range of
indicators that include, but are not limited to, test-based measures of value-
added.

As indicated at the outset, value-added modelling is intended to estimate
schools’ contributions to student learning. The word ‘contribution’ denotes
the part that schools play in bringing about the result of interest (i.e. the
increase in test scores as a measure of student progress in learning), properly
taking into account the roles of other factors related to this result. Thus, the
intention is to endow the value-added model estimates with a causal
interpretation. That is, the difference in the estimated contributions of two
schools is usually interpreted as reflecting differences in their effectiveness
in promoting student learning. It is understandable that policy makers would
want to make such causal inferences on the basis of a statistical analysis. If
one could truly isolate a school’s contribution, then one would have a sound
basis for actions of various kinds. Given the kind of data usually available
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and the realities of the constrained allocation of students across schools,
however, causal inferences can be problematic. Ordinarily, causal inferences
are made from large randomised experiments, such as those typically
conducted in agriculture or medicine. In the simplest version, there are two
groups: a control group and an experimental group. Individual units are
randomly assigned to one of the two groups. Units in the first group receive
a standard treatment (or a placebo), while units in the second group receive
the focal treatment. The difference in the average outcomes for the two
groups is a measure of the relative effectiveness of the focal treatment in
comparison to the standard. The use of both randomisation and large
samples reduces the likelihood that a substantial difference in outcomes is
due to some combination of chance fluctuations and the action of
unobserved factors.

Value-added models are an attempt to capture the virtues of a
randomised experiment when one has not been conducted. In educational
settings, students are rarely randomly assigned to schools, with geography
and cost being the two biggest determinants. Thus, school data are
considered to be the product of an observational study rather than of a
statistical experiment. For that reason, simple comparisons of schools in
terms of average scores or even average test score gains can be misleading.
As will be seen below, most value-added modelling takes a more
sophisticated approach by reporting score gains that have been adjusted for
differences in a range of student characteristics. These adjustments are
meant to take account of differences in the student populations across
schools that might be related to those gains. The intent is to try to isolate the
relative contribution of the school itself (its personnel, policies and
resources) to student learning.

The proper use of value-added modelling rests on an understanding of
the distinction between statistical description and causal inference (Rubin,
Stuart, and Zanutto, 2004). Suppose, for example, the average gain of
students over the course of a year in School Alpha is 8 points while the
average gain of students in School Beta is 12 points. That is description.
However, as a result of the application of a particular value-added model,
we obtain estimated ‘school effects’, which we are invited to treat as
indicators of relative school performance. For example, suppose the effect
associated with School Alpha is 2 while the effect associated with School
Beta is 5 (note that the estimated school effect will typically be different
numerically from the simple average gain in the school). The desired
interpretation of these effects is that if the students in School Alpha had
been enrolled instead in School Beta, their average gain would have been 5 -
2 = 3 points greater. That is, the results of the value-added analysis are
endowed with a causal interpretation.

However, the transition from description to statistical inference is
fraught with difficulty because the students in School Alpha were not
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enrolled in School Beta. Moreover, the students enrolled in schools Alpha
and Beta were not randomly allocated to these schools but, rather, were
enrolled through a myriad of individual choices. Thus, the conditions of a
randomised experiment are not fulfilled here. Interpreting differences in
estimated school effects as differences in school effectiveness requires the
assumption that application of the model has taken account of all relevant
differences between the students in the two schools. Unfortunately, we can
seldom observe or control for the factors that determine school choice. If
there are unobserved factors that are determinants both of school choice and
of achievement, then the straightforward causal interpretation can be
problematic because the problem of the counterfactual condition has not
been properly addressed. Indeed, it is the integral role of the counterfactual
that distinguishes causal inference from simple description – and makes it so
much more complex.

In fact, one can distinguish at least two types of causal inference in this
setting (Raudenbush and Willms, 1995; Raudenbush, 2004). The first, the
so-called Type A effect, is closely related to the one described above and is
relevant to the situation in which parents are interested in choosing the
school in which their child would do best. They can obtain a plausible
answer by finding children in each school that are similar to their child and
then determining which group performed better. The difference in
performance would be the Type A effect in this setting. Although the
observed superiority in performance might be due in part to unobserved
differences between the two groups, there is no reason not to prefer the
apparently more effective school. The Type A effect, however, is not a
suitable instrument for evaluating school development or school
accountability. The reason is that the average difference in performance
between schools might be due to a combination of differences in the
contexts in which the schools operate and differences in school practices.
Raudenbush and Willms (1995) define ‘school context’ as those factors over
which educators have little control, such as the demographic composition of
the school and the community environment in which the school functions.
They define ‘school practice’ as the aggregate of the instructional strategies,
the organisational structures and leadership activities of the school, which,
in principle, are under the control of the school staff. Although parents
might be relatively indifferent to the relative contributions of the two
components, Raudenbush and Willms (1995) argue that administrators and
policy makers should be most interested in the contributions of school
practice, as those are generally under the control of school staff. Thus,
administrators and policy makers would like to disentangle the contributions
of school context and school practice to the gains of the students and isolate
the difference in performance due to differences in school practices. This
would constitute the Type B effect.
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Aside from some ambiguity with respect to what should be classified as
school practice, Raudenbush and Willms (1995) find that unbiased estimates
of Type B effects are essentially impossible to obtain from standard school
system data. Even Type A effects are perfectly estimable only under ideal
circumstances that are highly unlikely to hold in practice (for further
discussion of the issues in obtaining unbiased estimates of school
contributions to student learning, see McCaffrey et al. 2003; Braun, 2005a;
van de Grift, 2007.). Although, these concerns might be discouraging, it
should be noted that any empirically-based indicator of school performance
is fallible, being subject to both variability and bias. In point of fact, value-
added analysis has been more rigorously studied than other approaches such
as inspection visits and the like. Consequently, when properly implemented
and interpreted, a value-added analysis generates a school-level indicator
that, in conjunction with other indicators, yields an informative portrait of
school functioning. Indeed, because value-added estimates have a different
empirical basis than most other indicators, they can be a particularly
valuable addition to a school’s performance review portfolio. The value-
added analysis can serve as the first stage of a multi-stage process where, for
example, the relationships between value-added estimates and various
school characteristics are examined with the goal of identifying useful or
surprising patterns. Importantly, the utility of value-added estimates is
substantially greater than that of school performance measures based on the
comparison of raw test scores used in some OECD member countries
(OECD, 2007a), or even the results of contextualised attainment models
emphasised in much decision-making concerning school performance. Our
advocacy of the use of value-added measures in this report highlights the
greater credibility of value-added estimates. Nonetheless, it is crucial to
discuss the caveats and assumptions applicable in using value-added
modelling to advance education policy objectives.
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Chapter Four

Design Considerations

The design of an artefact, whether a statistical model or a house, is
shaped by its intended use, the resources available and the relevant
constraints. To this mix, must be added the experience of the designer with
similar or related artefacts. In the context of value-added modelling, there
are a number of key design factors including: data quality; data integrity and
coverage; philosophy of statistical adjustment; technical complexity;
transparency; and cost. Each is discussed below.

1. Student assessment and test data quality. Since value-added models
operate on data generated by student assessments, primary consideration
must be given to the nature and quality of that data. In particular, do the
data adequately reflect what students know and can do with respect to the
established curricular goals? That is the essence of test score validity and
should be addressed in a number of ways. The four most relevant ques-
tions are: does the test provide evidence with respect to all (or, at least, all
of the most important) curricular goals; do all students take the exam
under comparable conditions; are the test scores sufficiently accurate to
support the intended inferences; and are the test scores free of inappro-
priate influences and/or corruption? If the answers to these questions are
all affirmative, then one can consider employing value-added modelling.

2. Data integrity and coverage. The procedures employed to transform the
raw test data into usable data files, as well as the completeness of the
data, should be carefully evaluated. Student records for two or more
years are generally necessary for value-added modelling and it is not
uncommon in longitudinal data files for some scores to be missing
because of imperfect record matching, student absences, and in- or out-
migration. Generally speaking, the greater the proportion of missing
data, the weaker the credibility of the results. In addition, some value-
added models employ test data from multiple subjects and/or auxiliary
data derived from student characteristics (e.g. gender, race/ethnicity,
socio-economic status). Again, the integrity and completeness of such
data should be evaluated.
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3. Philosophy of adjustment. Value-added models differ in the extent to
which they incorporate adjustments for student characteristics. For some
classes of models, such adjustments are the principal basis for treating
the estimates as indicating the causal contributions of schools. When
making adjustments, care must be exercised in the choice of
characteristics, as the use of characteristics that are measured with error
can also introduce bias. This might occur when adjusting for
characteristics that might have been partly affected by school policies
can introduce unwanted bias in the school performance estimates.
Examples of such characteristics are student attitudes towards school or
the average amount of weekly homework. In other classes of models,
each student is employed as their own ‘control’ and, therefore, the
models do not incorporate explicit adjustments. Instead, they either
exploit the co-variation in test data gathered over multiple subjects and
many years or incorporate a student ‘fixed effect’. These variants will be
further described below.

4. Technical complexity. Value-added models now range from rather
simple regression models to extremely sophisticated models that require
rich data bases and state-of-the-art computational procedures. In general,
it could be argued that more complex models do a better job of yielding
estimates of school performance that are free of the influence of
confounding factors, although there is still some argument on this point.
The disadvantage is that, typically, the greater the level of complexity,
the greater are the staffing requirements and the longer is the time
required to set up and validate the system. More complex models
usually require more comprehensive data (years and subjects), so that
data availability limits the complexity of the models that can be
considered. In addition, the greater difficulties of communicating the
workings and use of more complex models might reduce the
transparency of the system and increase the problems of gaining the
support of stakeholders.

5. Transparency. Although the notion of ‘value-added’ is intuitively
attractive, its introduction in school settings can be controversial
particularly if the motives for the introduction are viewed with suspicion
among some stakeholders. If it is relatively easy to explain the workings
of the model in non-technical language, many of those suspicions can be
allayed. On the other hand, if the value-added model is presented as a
‘black box’ where inner workings are only accessible to an elite group
of technocrats; obtaining general acceptance might be more difficult.
Simpler models are ordinarily more transparent and consequently might
be favoured for political reasons even if they are less desirable
technically.
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6. Cost. The greatest proportion of the cost is incurred in the collection of
the data and the construction of a usable data base. The former is usually
allocated to the instructional budget since the test scores are employed
for academic purposes. Nonetheless, the construction and maintenance
of an appropriate data base can be considerable, as is the cost of
introducing a new system of school performance indicators, which
might include outreach to (and training of) various stakeholders. The
actual costs of running the model, carrying out the secondary analyses,
and producing reports are relatively modest, especially after a year or
two of operation. However, cost considerations and magnitudes will
vary substantially across countries. The pertinent issues affecting costs
and the implementation of systems that utilise value-added modelling
are discussed in Part III of this report that focuses on implementation
issues.

The first two issues are the essential building blocks for developing a
system for value-added modelling. These are discussed below in the context
of identifying key issues faced by administrators and policy makers in
building an effective data base for value-added modelling. The third and
fourth issues are then discussed, where statistical and methodological
considerations are addressed. However, given the importance of these
issues, they are also discussed in other areas of this report, particularly in
Chapters Five and Six where various types of value-added models are
introduced. The fifth and sixth issues listed above are treated in this report as
presentation and implementation issues.

Student assessment data

This report does not dwell on the development of the assessment
instruments that are used in value-added models. The focus of this report is
on the development and use of value-added modelling. A large literature
exists on educational assessment and the key decisions required in the
development of assessment instruments. This literature describes the various
methods by which general reasoning and subject-specific competencies can
be assessed. This report does not evaluate this literature; however, the
discussion below does address some of the decisions concerning the
assessment framework that can influence the development of value-added
modelling, as well as how the results are used by schools, administrators and
policy makers. The student assessment frameworks in place in participating
countries are also discussed in order to illustrate the various ways these
issues are addressed. It is clear that most education systems have not
developed a student assessment framework with the explicit objective of
providing data for value-added modelling. Rather, value-added models have
been developed to utilise the data generated by existing student assessments.
Discussion of assessment framework design should inform policy makers
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and administrators in their efforts to develop assessments to enhance the
utility of a system of value-added modelling.

In a number of countries, the development and implementation of a
national curriculum was accompanied by the development of an assessment
framework and a corresponding set of assessments. The results of these
assessments could serve as the input to different types of value-added
modelling. It is also possible to apply value-added modelling to the data
obtained from standardised tests that are administered across multiple
jurisdictions that implement different curricula. However, the development
of these tests and the interpretation of the results of value-added modelling
become more complex. In the design of the standardised test, there might be
problems of bias when the assessment is more strongly aligned with one
curriculum than another. There are also difficulties in estimating schools’
contributions to student progress based on data from an assessment that is
not strongly related to the curriculum that schools are either supposed to
deliver or upon which they focus their resources. Interpreting the results of
value-added modelling in this context can be problematic. In many countries
with a federal system, the curriculum is devised at the sub-national level and
therefore can differ quite substantially across regions. To avoid such
difficulties, it might be prudent, therefore, for value-added modelling to be
applied separately within each sub-national jurisdiction. There might also be
political and institutional advantages to be gained in value-added modelling
being used to monitor and inform system development at the same
administrative level at which the main decision-making responsibilities
reside. Naturally such considerations will vary across countries with respect
to the nature of the national system, as well as the hierarchical structure of
educational decision-making in those countries.

Construct validity

Test scores are the raw material of a value-added analysis and, clearly,
the properties of those scores will be critical to the quality of the resulting
estimated school effects. Many analyses rest on the assumption that the
scores are ‘good enough’ – neither specifying what the term entails nor
carrying out any empirical investigations into the way the scores are
determined. Perhaps the assumption of adequacy is based on the fact that, in
most cases, the test scores are used primarily to make decisions about
students and only secondarily for school effectiveness studies. Nonetheless,
it is certainly appropriate to review the desirable characteristics of test score
data in the context of a value-added analysis. As the discussion presented at
the start of this chapter indicated, the validity and reliability of the test for
assessing academic achievement must be established. The two main threats
to validity are deficiencies in construct representation and high levels of
construct-irrelevant variance (Messick, 1989).
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With respect to the first threat, the principal concern is with tests that are
poorly designed or address only some of the learning goals or have an
inappropriate topical emphasis. Typically, this occurs because of a lack of
expertise among the developers of the tests and/or financial constraints that
limit the types of items that can be included in the test. For example, many
standardised tests comprise only multiple-choice items to minimise the cost
of scoring. Consequently, some higher order learning goals might not be
well tested in this format. A related concern is the degree to which the test
sequence is sensitive to instruction. That is, if the tests are aligned with the
changing curriculum, then there will likely be a “construct shift” as students
advance to higher grades. This is perfectly appropriate for making
inferences about student proficiency in each grade but can lead to bias in
value-added estimates if the score scales for different years have been
vertically linked. See Martineau (2006) for further discussion.

With respect to the second threat, the concern is with significant depart-
ures from standardised administration, poorly constructed or ambiguous
items, and problems such as low reliability. For example, questions that
require the student to provide written responses and that must be scored by
human graders can contribute to unreliability because the scoring procedures
are not well implemented or are poorly monitored. Fortunately, these sorts
of technical problems can be resolved through training and practice.
Effective implementation should assure school leaders that students’ test
performance is a reasonable measure of their academic standing. If not, then
schools whose performance is apparently not up to standard can place the
blame on the test and incorrect inferences can be drawn from the analyses,
leading to sub-optimal decisions at a range of levels. Another potential
difficulty is that the test results for some schools will be manipulated in an
attempt to achieve a better school value-added score. This represents a
particularly pernicious instance of construct-irrelevant variance. These
issues can be alleviated somewhat through the structure of the framework of
student assessments and their role in school accountability and school
improvement programmes. The creation of incentives that might lead to
such sub-optimal outcomes is discussed in Part I.

Another consideration in examining test quality is related to the question
of whether and how the different assessment instruments administered in
successive years are prepared. If the same (or substantially the same) form is
employed each year, then its integrity is likely to be compromised over time
and test performance will increase but not be accompanied by improved
learning (Koretz, 2005). Such ‘test score inflation’ undermines the
credibility of value-added analyses, particularly if its magnitude varies
across schools. If different forms are created each year, then the new form
must be equated with the previous form in order to maintain the
comparability of the scale (Kolen and Brennan, 2004). Substantial equating
error, incorporating both measurement variance and bias, also compromises
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value-added estimates. Finally, longitudinal value-added analyses typically
employ test score scales that have been vertically linked across grades
(Harris et al., 2004). Different strategies to carry out vertical linking yield
score scales with different properties that, in turn, can have a substantial
impact on value-added estimates (Patz, 2007).

More generally, test validity comprises both construct validity and
consequential validity (Messick, 1989). The latter refers to the appropriateness
of the inferences and actions taken on the basis of the scores. That the scores
are of consequence is not at issue; rather, the point is whether their use can be
justified given the context and the purpose. Thus, the test scores can be valid
for one use but not for another. Validity is not an ‘all or nothing’ matter: it is a
matter of degree. However, if there are serious concerns related to either the
construct or consequential validity, then it might not advisable to proceed with
a value-added analysis, at least until the concerns have been reasonably
addressed.

Measurement error

Another characteristic of test scores is reliability, which is a measure of
the replicability of the measurement process. Reliability is a dimensionless
quantity (i.e. it is not expressed in units of measurement) that takes values
between 0 and 1. High reliability (i.e. values close to 1) means that students
would achieve very similar rankings were they to take another test that is
parallel in structure and format to the test actually taken. On the other hand,
if there is substantial ‘noise’ in the testing process, reliability is reduced.
Some test features that determine reliability are aspects of the design (such
as test length, item formats, etc.) and the quality of the scoring of student-
produced responses. Low reliability is a threat to validity because it means
that the results of the value-added analysis could have been materially
different had the test administration been repeated.

Reliability is a summary indicator of one aspect of test quality. A
closely related term is measurement error, which is expressed in scale score
units and is employed to quantify the uncertainty associated with observed
test scores. Roughly speaking, high reliability corresponds to low
measurement error. There are advantages, however, to representing the
replicability of test scores in terms of measurement error. For many tests it is
possible to calculate the measurement error associated with each point on
the reporting scale. Ordinarily, measurement error is smallest near the centre
of the scale where, typically, most of the student scores are found, and it is
greatest at the ends of the scale. This phenomenon is a direct result of the
way the tests are designed and developed. Problems can be compounded
with measuring progress in student performance over time as it might induce
further measurement error in equating different student assessments (Doran
and Jiang, 2006). The standard assumption in regression models is that each
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observed value of the criterion is drawn from a distribution with the same
variance. Thus, the fact that measurement error is not uniform across the
scale of measurement (termed heteroskedacticity) can be problematic when
test scores are used as a criterion. Failure to account for heteroskedacticity
can result in biased estimates. At this point, little is known about the
relationship between the degree of departure from uniform measurement
error and the resulting bias. For further discussion, see McCaffrey et al.
(2003: 103).

Measurement error can also cause problems when test scores are used as
control variables in a regression model. The usual assumption is that the
control variables are error-free. It is well known that when test scores are
used as control variables, measurement error causes a downward bias in the
estimates of the corresponding regression coefficients. Relying on data from
two states in the USA, Ladd and Walsh (2002) investigated the extent of this
bias. The models were standard linear regression models that incorporated
prior year test scores but no student characteristics. These models were
employed by North Carolina and South Carolina for purposes of school
evaluation. They found that the estimated effects for schools serving lower
ability students (based on their prior year performance) were substantially
lowered and that the estimated effects for schools serving higher ability
students were substantially raised. That is, the results of the value-added
analysis disadvantaged schools serving weaker students and advantaged
schools serving stronger students. Further, they show how this bias could be
substantially reduced if test scores from earlier years are available for use as
instrumental variables. In their absence, other relevant student character-
istics should be employed if they are available. This is further discussed in
Chapter Six.

The distributional properties of test scores are also relevant to the
implementation and interpretation of a value-added analysis. The standard
assumption is that scores are distributed according to the Gaussian (normal)
form, at least conditional on the other variables (student characteristics) in
the model. Mild departures from this assumption are not cause for worry.
However, substantial ‘floor’ or ‘ceiling’ effects could be problematic. For
example, if the test in a particular grade is relatively easy for large numbers
of students enrolled in a subset of schools, then the distribution of their gain
scores will have a pronounced skew to the lower tail. The value-added
estimates for those schools will be biased downward in comparison to what
would be obtained were the test sufficiently challenging for those students.

Scaling of test scores

While the construction of student assessments and tests is not the focus
of this report, the issue of scaling test scores has been considered too
important not to mention. It is common for ‘raw’ test scores to be



118 – CHAPTER FOUR: DESIGN CONSIDERATIONS

MEASURING IMPROVEMENTS IN LEARNING OUTCOMES… – ISBN 978-92-64-05022-8 © OECD 2008

transformed to a different scale for reporting and for secondary analysis.
Such transformations can make it appear as if the test scores are comparable
from one year to the next. However, true comparability depends on careful
implementation of the test specifications and, if necessary, score adjustment
through a special process called (test) equating. Serious departures from
year-to-year comparability might not be especially problematic for students
if they are only being compared with others in the same cohort. However, it
can be problematic for value-added analysis as it means that the distribution
of gain scores varies across years (Harris et al., 2004). If school effects are
obtained from the analysis of data from multiple cohorts, then this variation
can introduce construct irrelevant variance.

In some settings, end-of-year tests are administered in each grade and
the raw test scores from different grades are ‘vertically linked’ to yield a
single cross-grade scale. There are a number of different procedures for
carrying out the vertical linkage and each produces a cross-grade scale with
different properties that can result in different estimated school effects (Patz,
2007). Although the construction of a cross-grade scale is not required for
the application of many value-added models, vertically linked test scores are
often used as the input file for a value-added analysis. In such situations,
users should be mindful of the characteristics of the vertical scale and how it
might affect the value-added model estimates. They should be wary of
treating the scale as an interval scale (i.e. one for which score differences
have the same meaning all along the scale). Though it is tempting to do so, it
is rarely justified and a more conservative stance is recommended.

Assessment results reported on an ordinal scale

Heretofore, it has been assumed that test scores are reported on a scale
with sufficiently many values that the scale can be treated as if it were
effectively continuous. In some settings, however, final scores are reported
on a coarse scale comprising as few as two ordered categories. For example,
the authorities might establish two standards denoting ‘competent’ and
‘advanced achievement’. Each standard is represented by a score, or cut-
point, on the original reporting scale. Students are then classified into one of
three categories (‘below competent’, ‘competent’ and ‘advanced’) depend-
ing on where their score falls. Although conventional value-added modelling
should not be applied in such cases, it is possible, nonetheless, to carry out a
value-added analysis. If there are only two categories, one could employ
logistic regression or probit models in place of the usual normal-theory
models. If there are more than two categories, then polytomous logistic
regression models or ordered probit models can be used. See Fielding, Yang,
and Goldstein (2003) for an illustration of this type of model.

Issues of validity and reliability are also relevant to ordinal scale data. If
the categories are determined by a form of standard-setting procedure, then
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the validity of the procedure must be evaluated (Hambleton and Pitoniak,
2006). If the categories correspond to stages on a developmental scale, then
the theoretical and empirical support for the scale should be evaluated. In
both cases, reliability is related to the probability that a student is assigned to
the appropriate category. Placement in the wrong category is a type of
measurement error which can induce bias in estimation. The greater the
measurement error (and the lower the reliability), the less credible are the
estimates of school value-added.

In most participating countries the rationale for implementing a value-
added system based on certain assessments is to focus the attention of school
leaders, teachers and students on improving performance on those measures
and student learning in the corresponding academic disciplines. Thus, the
choice of subjects and grade levels, as well as the nature of the assessments
must be made thoughtfully, as it is likely to affect the actions of all
stakeholders. In particular, deficiencies in the assessments might lead to
higher student scores that are not associated with desired improvements in
student learning. This would be an instance of a lack of consequential
validity. Decisions concerning how student performance is employed for
school evaluations can alter the incentives and, therefore, the behaviour of
school principals and teachers (Burgess et al., 2005). Typically, student
scores are transformed or summarised into performance indicators that
inform the decision-making process. A key distinction is between
performance indicators that are discrete and those that are continuous. If a
school is evaluated on the basis of a discrete indicator, then there is a natural
incentive to focus resources on improving that indicator. For example, a
value-added analysis that focuses on the proportion of children reaching or
exceeding a particular reading level encourages schools to focus attention on
those students who are below the literacy level but who are likely to reach
that level when given adequate support. On the other hand, in this example
there is little incentive for the school to improve the scores of students who
are already above that level or to focus on those students who are well below
the level. By contrast, a value-added analysis that focuses on a continuous
indicator is more likely to encourage a more uniform allocation of resources,
although it is possible that the students who appear to be best placed to make
larger gains might receive greater attention. For example, it might be easier
to improve the performance of high-achieving students than that of low-
achieving students. Not only can this result in distortions within schools but
also makes comparisons between schools more problematic. That is, schools
with greater proportions of students from advantaged backgrounds (however
measured) might receive higher value-added scores as their students might
generally achieve greater gains. Were this the case and were teachers from
schools with higher value-added scores accorded special benefits, then there
would be a clear incentive for teachers to move to those schools with greater
proportions of students from advantaged backgrounds.
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It is possible, however, to introduce a countervailing force by employing
differential weighting of score gains. For example, greater weight can be
accorded to improvements at the low end of the scale in comparison to the
high end. Since low-socio-economic status students are more likely to be
found at the low end of the scale, such a weighting scheme can provide
additional incentives for school leaders and teachers to focus on lifting the
performance of these students and even to induce the most effective teachers
to move to these schools. These issues are addressed in Part I, which
illustrates such systems and the implications of various incentive structures.

The structure of student assessments in participating countries

A number of decisions concerning the design and use of value-added
models depend on the nature of the assessment data that is available. The
assessment data collected in each country is discussed below to illustrate the
differences that exist across countries, as well as the strategies that can
improve the data and thus enhance the policy utility of value-added
analyses. In some countries, the choice of assessments that can be used for
value-added analyses is essentially determined by the structure of the
education system. For example, if the school system is organised into
primary and secondary sectors with schools belonging to one or the other,
then value-added analyses can normally only be based on assessments
administered across a time-span commensurate with the time students would
normally spend in either a primary or a secondary school. From the
perspective of value-added analyses, it is problematic if one assessment
takes place half-way through students’ primary education and the second
half-way through students’ secondary education. Table 4.1 details the
student assessments that could be used in value-added analyses in
participating countries and illustrates the differences among countries in the
subjects covered. It should be noted that in some countries the lack of
comparability of assessments is a barrier to the implementation of value-
added analyses.
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Table 4.1. Student assessments in participating countries
that potentially could be used for value-added modelling

Country Year Level Subjects
Belgium (Fl.) Year 1-6 Mathematics, Language of instruction

Year 1-6 Mathematics, Reading, Spelling

Year 6 (final year of ISCED 1) Mathematics, Reading, Nature (sub-domain of
environmental studies), French, Society

Year 8 Cross-curricular areas (‘learning to learn’, ‘retrieval and
processing of information’), Biology, French, Society

Czech Rep.* 13 (state Maturita) Czech language, Foreign language and one of
Mathematics, Social Science, Science or Technology

Year 5,9 Czech language, Mathematics, Foreign Language,
Learning skills

Denmark Year 2, 4, 6, 7, 8, Reading, Mathematics, English, Science

Year 9 & 10 All compulsory subjects (assessed by teachers)

Upper secondary Reading, Mathematics, English, Science

England Key stage 1: Year 2 Reading, Writing, Mathematics

Key stage 2: Year 6 Reading, Writing, Mathematics, Science

Key stage 3: Year 9 English, Mathematics, Science

Key stage 4: Year 11 A wide range of subjects most of which are allowed to
count towards a pupil’s best 8 results

France National exam (baccalaureate at
end of upper-secondary)

Covers 15 subjects for each student

Norway Year 5,8 National tests in Mathematics, Reading English
(reading)

Year 10 External exams (Mathematics, Norwegian or English.)
All compulsory subjects (assessed by teachers)

Year 11,12,13 Exams and teacher assessments in various subjects

Poland Year 6 (primary school exit
exam)

Cross-subject competency test

Year 9 (lower secondary exit
exam)

Humanities, Mathematics, Science

Year 12 (Upper secondary exit
exam)

Matura exam (Polish is compulsory and then
assessments in a range of other subjects)

Portugal Year 4, 9 Mathematics, Portuguese,

Year 12 All subjects required for certification and tertiary
entrance

Slovenia Year 6 Mother tongue, Mathematics, First foreign language

Year 9 Mother tongue, Mathematics, one mandatory school
subject (decided by Ministry)

Upper-secondary (Year 13) Vocational: Mother tongue, either mathematics or first
foreign language, two school and curriculum specific

subjects
Upper-secondary (Year 13) General: Mother tongue, mathematics, first foreign

language and two out of 30 optional subjects.
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Country Year Level Subjects
Spain 4 (Primary), 8 (lower-secondary) Mathematics, Language of instruction: social sciences

with civic education, science, technologies of
information and communication, other**

Sweden Year 9, final grades Assessment across 16 subjects

Year 5, standardised test English, Mathematics, Swedish

Year 9, standardised test English, Mathematics, Swedish

Upper-secondary, final grades Grade-point average, all subjects for each student (30-35
subjects)

Upper-secondary standardised test English, Mathematics, Swedish

* Data collection currently in pilot stage. The project collecting data at Year 13 will be transformed
into State Maturita exam in 2010; Year 5 and 9 will not continue.

** Mathematics and language of instruction are assessed annually. Other subjects assessed on a less
frequent basis.

There is considerable variation in the ages and grade/year levels at
which student assessment data are collected. In considering the student
assessment data that could be used for value-added analyses, the age at
which students are assessed shapes the output measure through which it is
possible to measure the effects of schools upon student progress. Assess-
ments in some countries focus on primary education, while others focus
upon lower and upper-secondary education. Countries such as Belgium
(Flemish Community) and the Czech Republic concentrate their assessments
in the earlier grades, which facilitates the use of value-added modelling in
the development of the primary education sector. On the other hand, the
structure of the student assessment frameworks in countries such as Norway,
Poland, Portugal, Slovenia and Sweden facilitate, for the most part, the
development of value-added modelling focused on the secondary education
sector. In Denmark, there are assessments in both mathematics and reading
in both primary and lower-secondary education and additional assessments
in science and English in only lower-secondary education. The range of
subjects included in the student assessment framework will reflect the
priorities of the national system and will have an impact upon the use and
interpretation of value-added models. If only mathematics is assessed in
given years then only value-added in mathematics will be measured. If it is
desired to create a more broad-based indicator of value-added, then clearly
student assessments on a broader range of subjects are required. In general,
students are assessed in a greater number of subjects in secondary education,
particularly in upper-secondary education where the results of examinations
in all subjects (e.g. national examinations) can be used for value-added
modelling (depending upon the type of value-added model employed). At
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lower levels, assessments are concentrated in only a few areas. For most
countries these are Mathematics, Sciences and either the national language
or language of instruction (with a focus on reading and/or writing in that
language).

The frequency of assessments varies considerably across countries. It
should be noted that the system of assessments in some countries do not
currently permit value-added analyses as defined in this report. Our
definition emphasises that a prior assessment is required to measure value-
added. Moreover, the assessments have to be comparable in a manner that
supports the desired inferences concerning the relationship of different
factors to student progress. Countries such as England and Denmark have
developed student assessment frameworks that span the primary and
secondary school education sectors. In England, key stages have been
identified in the progression of students through their schooling, with
assessments taking place in Years 2, 6, 9 and 11. The Flemish Community
of Belgium is the only example among participating countries to have
annual student assessment data, if only at the primary school level. Annual
testing can somewhat circumvent some of the statistical and methodological
problems with value-added modelling discussed later in this report and
should enhance the utility of the results.

The frequency of the assessments has an impact upon the choice of the
value-added model to be used, as well as whether or not to include student
background characteristics. These decisions in turn affect the interpretation
of the results of the model. Decisions concerning the frequency of
assessments will depend upon the nature of the curriculum and the priorities
with respect to monitoring student progress at various points in their school
careers. For countries preparing to develop a framework of student
assessments and to utilise value-added modelling, there can be advantages to
tracking progress through more frequent student assessments.

As discussed in Chapter six, increasing the number of prior attainment
measures can greatly enhance the accuracy and credibility of value-added
analyses. It is tempting, therefore, to encourage more frequent student
assessments. There is a concern, however, that additional assessments would
place an undue burden upon schools and reduce the amount of effective
teaching time. That is, not only do tests take time out of the school day, but
also impose organisational requirements regarding pre- and post-assessment
activities. Policy makers can weigh the benefits of increasing the assessment
frequency against these burdens and the financial costs. Moreover, tests can
place increased pressure on students that might also have negative
consequences. This is reflected in Table 4.1 which shows that in most school
education systems students are currently assessed in only a few year levels
and in selected subjects or learning areas.
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As discussed in Part I, the use of test results for high-stakes purposes
can create incentives to influence student performance on these assessments
in a sub-optimal manner. The practice of ‘teaching to the test’ is one such
undesirable consequence but there are a number of documented instances
where various school indicators and high-stakes tests can and have been
manipulated in a manner that creates sub-optimal outcomes (Nichols &
Berliner, 2005). Other problems can emerge if a school’s value-added score
can be more directly manipulated. Consider a scenario in which two
assessments are employed to estimate schools’ value-added. Suppose the
first assessment occurs in Year 3 and the second assessment in Year 6.
Clearly, a school’s value-added increases if there is a larger positive
difference between the assessments. There is an incentive, therefore, both to
lift students’ scores in Year 6 and to lower the scores (of those same
students) in Year 3. This could be achieved by advising students not to take
the Year 3 assessment as seriously as might otherwise be the case or even by
encouraging them to deliberately under-perform. More radical actions could
include structuring the curriculum so students are not properly prepared for
the Year 3 assessment. Yet, strategies can be developed to reduce the
likelihood of such sub-optimal activities. For example, the perverse
incentive effect could be countered by imposing performance targets for the
Year 3 assessment. More generally, schools should have an incentive to lift
the performance of students in all assessments, thereby aligning their
interests with those of the students. This can be achieved most simply when
each assessment is both a prior and final assessment. Consider the annual
assessment framework in the Flemish Community of Belgium, where each
assessment (except for that in Year 1) has a dual role. Thus, the Year 3
assessment is a final performance measure in the value-added analysis
between Year 2 and Year 3 (or Year 1 and Year 3) and also a prior
assessment measure in the value-added analysis between Year 3 and Year 4
or some other subsequent year. This dual role mitigates the incentive to
reduce performance on the Year 3 assessment. An exception would occur if
policy makers place greater emphasis on the value-added measure for a
specific year.

Schools can also be encouraged to lift student performance on the initial
assessment by making that assessment part of general administrative
procedures or school education policies or programmes. For example,
student performance in the initial or prior assessment could be linked to a
system of school inspections and school evaluation procedures. The
assessment measures might also form part of a broader framework of school
measures that are used to facilitate effective school choice. As was discussed
in Part I, making these measures publicly available often creates positive
incentives to lift student performance. Aside from considerations of aligning
incentives, appropriate procedures should be implemented to ensure that
every assessment is both fair and error-free. Test administration should be
standardised and the marking of test papers should both be highly reliable
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and not open to tampering or manipulation at any stage of the process. This
will result in greater confidence in the assessment outcomes and the value-
added analysis that follows. It should also be noted that some countries
utilise externally developed standardised assessments and others rely on
school-level tests. A few, such as England, sometimes employ both kinds of
assessment, although all the qualifications at Key Stage 4 are externally
assessed. At Key Stages 2 and 3, however, data are collected from both
external assessments and teacher assessments. External assessment data has
been employed because it is thought to be more credible and comparable, as
well as possessing superior psychometric properties. At Key Stage 1, tests
were not externally marked and there have been concerns raised about
robustness of the data (see Tymms and Dean, 2004). Since 2005, all Key
Stage 1 (taken by seven year-old students) results are based on teacher
assessments. Whilst this might introduce the potential for bias (in contrast to
a standardised assessment), there is a possibility that the data are more valid
since teachers draw on a broad range of evidence over a period of time
rather than a single test administered on one occasion. If teacher evaluations
are employed, they should be subject to external monitoring to assure
comparability and validity

Philosophy of adjustment and the use of contextual characteristics

In order to obtain estimated school effects, most value-added models
carry out a regression adjustment to student test scores. The intent of the
adjustment is to ‘level the playing field’, that is, to remove from the
comparisons among schools the confounding effects of systematic
differences in the student populations they enrol. In doing so, the hope is
that the value-added analysis will be more successful in ‘isolating’ the
contributions of individual schools to their students’ academic progress than
is the case when schools are compared on the basis of student attainment
alone. Although this strategy is sensible and widely used, it is important to
appreciate that statistical adjustment must be carried out carefully and with
due regard to possible negative consequences. With this in mind, the follow-
ing paragraphs present a simplified explanation of statistical adjustment,
illustrating the strengths and pitfalls of the procedure.
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Figure 4.1. Graphical illustration of the process of statistical adjustment

Suppose the goal is to estimate the relative performance of a school. This
is the target or parameter of interest. The circle (labelled ‘T’ in Figure 4.1)
represents the true value of the parameter. The estimate obtained from an
unadjusted comparison is represented by the four-sided figure (labelled ‘E’).
In this case, the estimate is too large. That is, we use the areas of the figures
to indicate their magnitudes. E might be larger than T because the school’s
students are more advantaged than those of the average school. Since we
recognise that schools are not randomly assigned to students (or vice-versa),
we resort to statistical adjustment on measured student characteristics to
create a more level playing field. Each adjustment is supposed to modify E
and bring it closer to T. In Figure 4.1, the effect of the adjustment is repres-
ented by a figure contained in E that might or might not overlap with T.

The first adjustment (labelled ‘A’) reduces the area of E. The new
estimate, E-A, is closer to T than is E. Note that A overlaps slightly with T,
indicating that some of the adjustment removed a small portion of the true
difference. However, the new estimate is still too large. Further adjustments
for the next two characteristics (labelled ‘B’ and ‘C’) yield an estimate E-A-
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B-C which is closer to T. In the case of C, however, there is considerable
overlap with T, meaning that there has been some over-adjustment. Finally,
the adjustment D has removed a good portion of T but relatively little of the
part of E outside T. This means that there has been substantial over-adjust-
ment. The resulting estimate, E-A-B-C-D, might be closer to T but it might
be smaller than T rather than larger. A further adjustment similar in effect to
D might yield an estimate that is poorer than previous estimates. The lesson
to be drawn is that statistical adjustment must be carried out thoughtfully.

In most value-added modelling, isolating the contribution of schools
requires estimating the relationship between student scores and various
socio-economic and other contextual variables. Although there are
measurement issues that need to be addressed in isolating the multiple
impacts upon student performance, it can useful for policy makers to analyse
both the extent of the relationship between student performance and specific
contextual characteristics and, in some cases, analyse value-added results for
particular groups of students. Analysis of this data can inform policy
development in a variety of areas including school equity funding.

Importance of contextual characteristics

The OECD PISA programme does not produce value-added measures and
is more closely aligned with what have been classified as contextualised-
attainment models in this report. The most recent findings from PISA confirm
previous evidence that students’ socio-economic status is one of the largest
predictors of school performance using such modelling (OECD, 2007a).
These findings are consistent with the extant literature, which documents the
statistical link between individual and family background variables on the one
hand and youths’ education on the other hand (OECD, 2007d; Haveman and
Wolfe, 1995). Moreover, this link has been extended to include neighbour-
hood or community and peer characteristics (Ginther, Haveman, and Wolfe,
2000; Brooks-Gunn et al., 1993; Corcoran et al., 1992; Mayer, 1996). These
analyses estimate the strength of the relationship between various factors and
a single performance or outcome measure. These factors can include indi-
vidual background characteristics and a variety of socio-economic contextual
characteristics, as well as school characteristics. As discussed in the Introduc-
tion of this report, the key feature that distinguishes value-added modelling is
the inclusion of a comparable prior attainment measure, thereby more
accurately isolating the contribution of the school to student progress. When
measures of prior attainment are included in the regression model, the incre-
mental contribution of contextual characteristics to account for differences in
student outcomes is often much reduced. Ballou, Sanders and Wright (2004)
indicate that when a rich set of prior and concurrent attainment measures is
available, adjustment for students’ demographic characteristics has minimal
impact on the estimated school effects. In addition, despite being generally in
favour of including socio-economic status as a student background variable,
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McCaffrey et al. (2003, 2004) conclude that controlling for student-level
socio-economic and demographic factors without measures of prior perform-
ance is not sufficient to remove the effects of background characteristics in all
school systems, especially those systems which serve heterogeneous students.
Policy makers should therefore be cautious in interpreting school performance
measures from contextualised attainment models.

In the design of value-added models, policy makers and administrators
must carefully consider the use of socio-economic contextual characteristics.
For those more familiar with contextualised attainment models, the import-
ance of socio-economic contextual characteristics as predictors of student
attainment is well-known. Consequently, the discussion in the section above
regarding the diminished role of these characteristics in value-added model-
ling might be somewhat surprising. Analysis of Norwegian and Portuguese
data shows that the use of contextual characteristics is much more important
in contextualised attainment models than in value-added models. Hægeland
and Kirkebøen (2008) provide an empirical illustration of how estimates of
school performance are affected by the choice of which socio-economic
contextual variables are included in both contextual attainment and value-
added models. The authors note that adjusting for students’ prior perform-
ance and adjusting for students’ socio-economic status are not mutually
exclusive approaches to estimating school performance. It is also evident
that the role of contextual factors can differ among countries and the type of
model utilised. However, the findings of the Norwegian study concerning
the influence of socio-economic status characteristics in value-added estim-
ates were also obtained in the Portuguese longitudinal study. The analysis of
the Norwegian data sheds light on the use of contextual variables in value-
added models and illustrates the differences on this point with contextual
attainment models. The study compared the results of four different
specifications, incorporating an increasing amount of socio-economic data
as control variables. The comparison of the results showed that adding
socio-economic characteristics increased the amount of explained variance
in student scores and reduced the dispersion of the distribution of school
performance indicators in contextualised-attainment modelling. This is con-
sistent with the literature, which finds that socio-economic characteristics are
correlated with student performance and are not uniformly distributed across
schools. However, their results indicate that in their value-added modelling,
the effects of including additional socio-economic status variables are limited
due to the presence of prior performance measures. They show that a simple
value-added model that contains only basic demographic information
(gender and year of birth), in addition to prior attainment measures, had
much greater explanatory power than the most comprehensive contextual-
ised attainment model. The inclusion of additional socio-economic charac-
teristics to this value-added model had only a minor impact on the
explanatory power of the model and on the estimates of school performance.
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On the other hand, incorporating additional measures of prior performance
had a greater impact on the predictive power of the model.

Notwithstanding the findings above, the addition of socio-economic
characteristics to a value-added model might be consequential for particular
schools. With regard to the Norwegian data, the largest impact for a single
school with the inclusion of the full vector of socio-economic contextual
characteristics in the value-added model corresponded to one-half of a
standard deviation of the distribution of estimated school performance. This
result underlines the importance when developing a system of value-added
modelling of conducting sensitivity analysis not only of the overall model
parameters but also for individual school estimates. Substantial changes in
value-added estimates should stimulate further investigation as they might
signal problems with the data. Ideally, these types of analyses should be
carried out during the pilot stage of the implementation process.

Though the analysis of the Norwegian data is suggestive, one cannot
draw general conclusions from this exercise. The consequences of including
(more) socio-economic contextual variables in (contextualised) value-added
models, and of including more socio-economic contextual variables in a
contextualised attainment model, might vary across levels, years and
countries. If socio-economic characteristics are only related to the initial
level of performance and not the growth rate, then there would be no benefit
in including these characteristics in value-added models. On the other hand,
there would be some benefit if these characteristics were correlated with
growth in student performance. In some OECD member countries the
inclusion of ‘year of birth’ in the value-added model captures the effect of
‘repetition’ or grade retention, which is a phenomenon negatively correlated
with socio-economic status (OECD, 2007c). It is also possible that the
inclusion of ‘year of birth’ captures the effect of differential age of entry
into the education system. Employing a contextualised attainment model
(variance component model) to PISA 2000 data, Ferrão (2007a) shows that
the ‘repetition’ explains 45% of the variability of the Portuguese students’
performance in Maths (measured by PISA). From the educational point of
view, the inclusion of the variable ‘year of birth’ as covariate in the value-
added model might be controversial and should be appropriately addressed
by each country.

An analysis of Portuguese data (representative of Cova da Beira region)
yielded similar findings to the Norwegian analysis with respect to the effect
of including various socio-economic characteristics in value-added models
(Ferrão, 2008). This analysis utilised data collected at the beginning and end
of the academic year 2005-06 for students enrolled in the 1st, 3rd, 5th, 7th and
8th grades. The response variable was the maths score in a standardised test
equated14 with maths prior achievement (Ferrão et al., 2006). The socio-

14 Equalisation via common items.
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economic characteristics analysed include those measuring parental
education and student eligibility for free school meals and books. Eligibility
for free school meals is a common measure used in similar estimations that
have included socio-economic contextual characteristics (see Goldstein et
al., 2008; Braun. 2005a; Ballou, Sanders and Wright, 2004; McCaffrey et
al., 2004; Sammons et al., 1994; Thomas and Mortimore. 1996). The focal
issue was the sensitivity of school value-added estimates to different single-
variable operationalisations of the construct of socio-economic status.
Results showed correlations near 0.90, suggesting that the use of simple
alternative proxies might yield comparable results (Ferrao, 2007a).
However, it is important to note that the rankings of some schools do
undergo substantial shifts over time. Although these findings are somewhat
encouraging, further work should be carried out focusing on other
commonly used characteristics, with attention to the use of multiple
covariates.

When considering the use of socio-economic characteristics, the
frequency and range of student assessments must also be taken into account.
If students are frequently assessed in a number of subjects, and the number
of test scores is correspondingly large, then the contribution of background
variables in value-added models is greatly reduced. However, if there are
less frequent assessments and there is a longer gap between student
assessments then the potential contribution of background variables is
greater. For example, if a student who has been assessed in Year 3 is not
assessed again until Year 6 then contextual variables such as socio-
economic status might be strongly correlated with the student’s rate of
progress over this three-year period. Leaving aside technical considerations,
it might be advisable to include socio-economic characteristics in a value-
added model in order to gain the confidence of stakeholders. One approach
would be to present the results for different models that include none, some
or all available socio-economic and other background characteristics. The
importance of such an approach will depend on the intended use of the
school value-added estimates. The concerns of key stakeholders might be
greater if a strong school and/or teacher accountability system is being
enacted than they would be if value-added estimates are being used solely
for school improvement purposes.

Which socio-economic contextual characteristics?

It is useful to recall that the estimated school effects generated by value-
added modelling represent the combined contributions of schools’ actions
and policies together with the peer effects stemming from the interactions
among students and their impact on school climate, attitudes towards
academics and other school-level variables. To the extent that adjustments
for individual and school-level characteristics do not fully capture such peer
effects, the estimated school performance measures are not unbiased
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estimates of schools’ contributions to student learning. Note too that the
interpretation of the estimated school performance measures depends on
which variables are used for the adjustment. Each set of variables implicitly
establishes the ‘level playing-field’ on which schools are compared. That is,
when we state that the estimated school performance measures give us the
relative ranking of schools’ performance with all ‘other things’ being equal,
it is the adjustment that determines what comprises those ‘other things’. It
should be borne in mind that the main purpose for including explanatory
variables in the model is to reduce bias in the estimated school performance
measures. To accomplish this goal, these variables must be both related to
the outcome and differentially distributed among schools. The stronger the
relationship and the greater the variation among schools, the more will the
adjustment have its desired effect. In any event, the addition of these
variables will generally increase the accuracy of prediction.

The student characteristics that are typically employed in the adjustment
process include such variables as gender, race/ethnicity, and level of parental
education. These characteristics are generally associated with academic
achievement (OECD, 2007b; Lissitz et al., 2006). If these characteristics are
unequally distributed across schools, then failing to take them into account can
lead to biased estimates of schools’ value-added. That is, in the absence of any
adjustment, schools enrolling students with more ‘favourable’ characteristics,
on average, will be advantaged in comparison with schools enrolling students
with less ‘favourable’ characteristics, on average. An analysis of existing data
and data collected during the pilot programme should reveal the appropriate
contextual characteristics to include in the value-added modelling. In doing so,
it should be recognised that the inclusion of (multiple) prior performance
measures will generally weaken the relationship between current test scores
and socio-economic characteristics. At the same time, the inclusion of certain
characteristics in the model might be valuable for public acceptance and can
have an impact on the value-added scores of individual schools.

The success of the adjustment process depends both on the appropriate-
ness of the model as well as the scope and quality of the variables used in the
adjustment. With respect to the first consideration, the adjustment is usually
carried out by fitting a linear regression model. If the relationship is strongly
non-linear then the model is misspecified and value-added estimates will be
biased. The problem can sometimes be mitigated by introducing interactions
among the predictors. For example, it might be that for certain immigrant
groups there is a gender gap in performance that is different in magnitude and
even in direction from that observed for the majority group. The standard
linear regression model would be misspecified and the resulting value-added
estimates will be biased. The bias might be particularly problematic if
members of the minority group students are concentrated in certain schools,
which in a number of systems might be a likely occurrence.
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With respect to the second consideration, limitations in data collection
usually result in only a small set of student characteristics being available
for analysis. If there are unmeasured characteristics that are independently
related to the outcome, then the adjustment model is misspecified and,
again, the resulting estimates will be biased to some extent. Furthermore,
data quality is always a concern, since poor quality can lead to increases in
both the variance and bias of the estimated school effects. Inaccuracies can
arise when the data are obtained from student self-reports, especially those
from younger students. Parental self-report data can be problematic if the
questionnaires are ambiguous or if the parents are not familiar with the
language. Even administrative data drawn from school files can suffer from
gross errors.

An advantage of using value-added modelling is that they permit the
quantitative assessment of the magnitude of the disadvantage associated
with particular characteristics (e.g. ethnicity, income, level of familial
education) in relation to student progress, not just in relation to student
attainment at a particular point in time. The patterns that emerge over time
in these relationships are important for policy development. For example, do
particular forms of disadvantage exist, are they sustained over the course of
students’ school education and does the impact of such disadvantage expand
or decline over time? Moreover, careful use of the results of value-added
models makes it possible to identify schools that are more successful in
lifting the performance of disadvantaged students. This can lead to the
dissemination of ‘best practice’ among schools, provided that channels are
in place to facilitate such information transfers.

The analysis conducted by Hægeland and Kirkebøen (2008)
demonstrated, inter alia, that by international standards Norway has an
extensive set of student-level contextual data available for analysis. Clearly,
the level of data availability differs across countries and, typically, it is data
availability that constrains the contextual characteristics that can be included
in various models. On the other hand, the availability of prior measures of
academic achievement might lessen the need for an extensive set of
contextual variables. Most countries collect some form of demographic
information from students and include them in their value-added models.
Table 4.2 details the range of contextual data collected and available for use
in value-added modelling across participating countries. Student age, gender
and a variable indicating immigrant status and/or ethnicity are the main
individual demographic characteristics included across countries.

The results from a number of countries illustrate the importance of
including a measure of students’ age (Ray, 2006; Hægeland et al., 2005). Even
when excluding mature-age students or those students repeating a grade or
year level, the age of students in a given grade or year level can vary by up to
a year in some systems. Age has been shown to have a statistically significant
relationship to student progress and, therefore to the estimation of schools’
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value-added. The recording of age varies across countries and this, in part,
reflects differences in data collection methods. In some countries, school
enrolment data specifies students’ date of birth, while in other countries, the
lack of such data means that either there are other administrative data sources
or that the data (exact age or age range) is obtained directly from the students
themselves.

Student gender is a characteristic used in most value-added analyses across
participating countries. This characteristic does not often influence schools’
value-added scores as the distribution of male and female students is typically
uniform (with the obvious exception of same-sex schools). However, gender
might be important for more detailed analysis of value-added information that
fosters school improvement initiatives. Differences in the performance of male
and female students have received increasing attention in recent years as
female students have achieved higher levels of performance and attainment
than male students in a number of domains and in a number of attainment
measures. However, the magnitude and possibly the direction of the expected
effect of a gender variable might differ depending upon the measure. In some
countries, performance comparisons show male students performing more
strongly in subject areas such as mathematics and science and females
performing more strongly in reading and writing literacy (OECD, 2007a;
2007b). Such gender disparities might not have an impact on value-added
estimates. However, it might be useful to conduct the value-added analyses
separately by gender for specific subjects as the results could signal the need
for specific policies and programmes that seek to address such disparities.

Immigrant status and/or ethnicity are identified differently across
countries and reflect differences in the ethnic mix, the policy focus, and the
data available. In some countries, a single variable reflecting immigrant status
can be included in their modelling. In others, specific ethnic groups or the
region from which the student immigrated are included as some groups are
relatively disadvantaged in comparison with the majority group. The results of
a value-added analysis for specific groups of students might indicate the need
to further disaggregate the student population. For example, an analysis of a
single variable identifying immigrant status might yield a bi-modal
distribution or a distribution of scores comprising distinct clusters. This might
indicate that particular ethnic or immigrant groups are progressing at different
rates and that schools’ contributions to that progress also differs. There is
some evidence that such patterns can persist and even grow over time (Borjas,
1995, 2001). Additional analysis might indicate which groups should be
separately identified. In these situations, including a simple measure of
immigrant status will not fully capture the disadvantage faced by distinct
immigrant groups and will therefore not be as useful for policy initiatives. In
some instances, interaction variables might prove useful, particularly if there
is substantial economic heterogeneity with particular ethnic groups. To
accommodate such changes, flexibility is required in both the data collection
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and in the information technology used to compile the data. Administrators
and policy makers require this flexibility to better specify the value-added
modelling and produce more useful results, as well as for ad hoc data
collections required for specific policy objectives such as programmes aimed
at specific regions or groups of students. In some countries, the language
barriers to student progress are of concern, particularly when the language of
instruction differs from the language spoken at home or the students’ first
language. These barriers are considered to be particularly important (both
from an educational and a political perspective) when these students exhibit
poor performance in a number of subject areas.

Table 4.2 organises contextual variables into distinct categories. This cat-
egorisation has been made for illustrative purposes and does not necessarily
apply to a specific country. To assist in their modelling, most countries collect
measures of student learning difficulties, level of family education, level of
economic resources and welfare benefits. The latter could also be considered a
measure of economic resources. Some countries also collect characteristics
related to a student’s family structure that have been shown to affect outcomes
such as parental marital status, whether the student is being raised outside the
family home, and a measure of family size (Amato and Keith, 1991). It is
important to note that some characteristics are fixed and do not change over
the course of students’ schooling, but others characteristics might change over
time. The data collection and storage systems must be flexible enough to
accommodate both kinds of characteristics.

The socio-economic characteristics collected across countries concentrate
on the level of parental education levels and family income. Characteristics
denoting whether students and/or their families are in receipt of welfare
payments such as educational and household support are also included in
some countries. These can be further indications of the level of economic
resources available to students and families. In the Flemish Community of
Belgium, a variety of data is collected to form an index of students ‘Being at
Risk’. Norway also includes measures on the level of family wealth and the
incidence of parental unemployment over the 10 years prior to the assessment.

Characteristics identifying students with learning difficulties are collected
in most countries. The typology of learning needs differs across countries and
is normally aligned with existing data collections in the education system.
While not considered to be an indicator of a special learning need, data
identifying if the student has repeated a grade in the school is included by a
number of countries. This can be particularly important if the student is
repeating the grade in which the assessment is being administered or a grade
between the current assessment and the prior assessment. Estimates of the
contribution of a school to student progress between the two assessments
could be biased by differences in the number of years of instruction.
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School-level data

Up to this point, the discussion has focused on adjustments for student-
level characteristics. It is also possible to adjust for school-level or contextual
characteristics.15 Such characteristics might be aggregations of student
variables (e.g. mean test scores) or those that are only defined at the school
level (e.g. racial/ethnic composition of the school population, community
socio-economic status). Although one can quite easily incorporate such
variables in a model, the danger of over-adjustment remains. That is, if the
contextual variable is associated with true school performance, then adjusting
for that variable biases the estimates of school effects. Thus, caution is
warranted when deciding whether to carry out such adjustments.

In some countries, the type of school is incorporated as a covariate
although this might not extend to a distinction between government and
non-government schools, as the latter are sometimes not included in the
value-added analysis. Additional information might be available concerning
the level of school resources and, to some extent, on school processes.
Incorporating school-level covariates might be particularly useful to those
interested in school development. Analyses that focus on certain types of
schools or on particular groups of students (e.g. students with special
learning needs) can prove to be more useful when both contextual and
school-level variables are used to adjust student outcomes. One example is
programme evaluation when programs are implemented in some schools but
not in others. In some settings, it might also be possible to incorporate
classroom-level data for more detailed analyses of teacher value-added. As
an example, in the Flemish Community of Belgium information is collected
on: the use of particular textbooks; the gender and experience of the teacher;
whether there is a computer in the class; the use of computers and the
Internet in lessons; and the teaching time allocated to the subject. Such
analyses can be readily applied in more targeted analyses of value-added.
Analyses that regress value-added estimates on school practices to ascertain
if they account for a substantial amount of the variance in the value-added
estimates can be effective secondary analyses and offer another option for
policy makers.

Appropriate steps should be taken to ensure the integrity of all data,
regardless of whether it is part of a broader administrative data collection or
if it is gathered alongside other data for particular use in the value-added
analysis. Ray (2006) points out that some school-level covariates are subject
to manipulation by school authorities. For some models, the impact of a
change in the covariate on a school’s value-added can be worked out in

15 These adjustments are not possible with models that incorporate school fixed
effects.
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advance and, hence, there is an incentive to shift the value in the desired
direction. For example, in the contextualised value-added modelling used in
England, the higher a school’s proportion of students unclassified with
respect to ethnicity, the higher its value-added, all else remaining constant.
Thus, it would be in the school’s interest either to not find out or to not
report students’ ethnicity. Quite sensibly, Ray points out that the models
selected should be designed to minimise such perverse incentives. Ideally,
such data would be collected outside the student assessment framework and
collected in a system that does not involve the school administration and so
reduce the likelihood of data corruption.
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Chapter Five

Illustrative Value-Added Models

This Chapter introduces a number of different value-added models to
provide some examples that can be used in education systems. The objective
of this Chapter is not to present a complete list or review of the different
types of value-added models as this is outside the scope and purpose of this
report. Rather, the types of models presented illustrate some of their
differences and illustrate how specific issues are handled with different
modelling procedures. The design features discussed in Chapter Four affect
these models to varying degrees and each model has both advantages and
disadvantages with respect to the full set of issues. Five general categories
of value-added models are discussed: linear regression models; variance
component models; fixed effects models; multivariate random effect
response models; and some discussion of growth curve analysis. Value-
added modelling can be used to estimate either annual or cumulative school
effects but in a number of the models presented as examples here the school
effect is measured as an annual rather than a cumulative effect.

The discussion of these types of models should also inform decisions of
the choice of the most appropriate model given the methodological issues
discussed in Chapter Six. It should also be noted that this report does not
advocate the use of one model over another. Rather, it points out how some
models can be more appropriate given the different policy objectives and the
constraints under which the analyses must be carried out. Nonetheless,
during the development of a system of value-added analysis, it is imperative
that a variety of models be examined to evaluate their relative suitability
with respect to a number of criteria.

Linear regression value-added models

This first set of models employs simple linear regression to adjust
outcome test scores for some combination of student prior test scores and
student or contextual characteristics. One form of the model is:
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(2) 0 1 (1) 1 1 ...ij ij ij p pij ijy a a y b X b X ε= + + + + + (1)

where

i indexes students within schools j,

yij(2)  =  final test score,

yij(1)  =  prior test score,

{X} denotes a set of student and family characteristics,

a0, a1, b1, … bp denote a set of regression coefficients,

εij denotes independent and normally distributed deviations with a
common variance for all students

Denote the predicted value for student i in school j by $
(2)ijy , based on

fitting equation (1) to the full data set. Then, the estimated value-added for
school j is taken to be the average over its students of the fitted residuals:

$
(2) (2){ }i ij ijave y y− .

Thus, if students in school j achieve higher final test scores on average (in
comparison with students from other schools with similar predictor values),
then the corresponding residuals tend to be positive, yielding a positive
estimated value-added for the school. There are many variants of the basic
model. In particular, if prior year test scores are available from earlier years or
other subjects, then these can be easily accommodated. See Ladd and Walsh
(2002) and Jakubowski (2007) for other examples. For this method to yield
consistent estimates requires that the included covariates are uncorrelated with
the error term, which may include a school effect in addition to idiosyncratic
errors. In addition, it does not take into account the structure of the error term
that is a feature of some of the models illustrated below.

Variance component or random effect models

Another type of model comprises two regression equations: a student-
level regression as in (1) above; and a school-level regression that models
the variation in adjusted school intercepts obtained from the student-level
regression. A technical advantage of such so-called hierarchical (or multi-
level) models is that they take into account the grouping of students within
schools, yielding more accurate estimates of the uncertainty to be attached to
the estimates of school value-added.



CHAPTER FIVE: ILLUSTRATIVE VALUE-ADDED MODELS – 143

MEASURING IMPROVEMENTS IN LEARNING OUTCOMES… – ISBN 978-92-64-05022-8 © OECD 2008

A typical formulation of such models is:

(2) 0 1 (1) 1 1

0

2

2
0

...

where

~ ( , )

~ (0, ).

ij j ij ij p pij ij

oj j

ij

j

y a a y b X b X

a A

N o

N

ε
δ

ε σ

δ τ

= + + + + +

= +

(2)

Each residual in both equations is assumed to be independent of all other
residuals. The rationale for the second equation is that the adjusted school
intercepts {a0j} are thought of as being randomly distributed about a grand
mean (A) and the deviations from that mean are taken as estimates of school
value-added. Interest centres on those schools with large deviations (positive
or negative). This sort of model is employed in the ‘contextual value-added’
modelling that has been implemented in England, although the actual school
value-added estimates are obtained through further analysis and computa-
tions. The model utilised in England is further discussed below.

These types of models are often referred to as ‘random effects’ models
because the parameters that are intended to capture the schools’ contribu-
tions to student performances are treated as random variables. Consequently,
the estimated effect for a particular school is influenced by the data from all
the other schools, as well as the data from the school itself. The resulting
estimates are sometimes called ‘shrinkage’ estimates because they can
usually be represented as a weighted average of the ordinary least squares
estimate for the school and an estimate related to the data for all the schools.
The specific combination depends both on the model and the data available.
Shrinkage estimates are biased but typically have smaller mean squared
error than ordinary least squares estimates.

With multi-level modelling, the residual variance is partitioned into two
levels: the student (Level 1) and the school (Level 2). These are the model’s
‘random effects’. Within an education system, it is possible to have other
levels. For example, within schools, students are grouped into classes, but if
there is no national data on teaching groups, this level cannot be modelled.
Level 1 residuals show variation in students’ outcomes in relation to their
schools. The Level 2 residuals show schools’ outcomes in relation to the
national expected results, given the included covariates. These Level 2
residuals are the school value-added scores.

A closely related model is the variance component model (see
Raudenbush and Willms 1995: p.321) with a different set of level one and/or
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level two covariates, depending on the type of school effect (type A or type
B) the analyst intends to estimate. The model is as follows:

( ) ijjjbjijWij uxxxy εββµ +++−+= 0 (3)

where yij is the test score result for student i in school j; xij is the student
prior achievement; x̄ j is the school sample mean prior achievement for
school j; u0j is the school-level random component, also called random
effect or value-added of school j, that is assumed to be normally distributed
with mean of zero and variance ²u0; and ij is the student-level random
component assumed to be identically, independently and normally distrib-
uted with mean zero and a variance ². .  Fixed parameters µ , ßw, ßb, repres-
ent, respectively, the mean of test score, the within-school regression
coefficient relating the student prior achievement to the outcome test score,
and the between school slope.

Antelius (2006: p.4) illustrates how a variance component model could
be used to calculate value-added in upper-secondary schools in Sweden. The
grades obtained when leaving compulsory comprehensive education were
assumed to reflect the previous knowledge of students and educational
background while the grades obtained from upper-secondary school show
the level of knowledge students have achieved in the core subjects
(mathematics, natural science, Swedish, English, social science, artistic
activities, physical education and health and religious studies). Measures of
each school are presented for a period over three years to ascertain whether
or not this value changes over time (Antelius, 2006).

In Portugal, analysis of three different variance component models were
considered for the region of Cova da Beira, involving a representative
sample of students at the primary, elementary and lower-secondary levels of
education (Vicente, 2007). A different set of predictor variables were
included in each model: a null model; a Traditional Value-Added (TVA)
model that included student socio-economic status and prior achievement;
and in addition, a model that included other student variables such as
gender, whether the student was classified as special needs, if they attended
kindergarten, type of class in primary education, and grade repetition
(TVA+). The correlation between value-added estimates generated from the
Null and TVA models varied from 0.61 to 0.94 depending on the grade. In
contrast, with the exception of scores for the 3rd grade, the values of the
correlation between TVA and TVA+ estimates were equal or larger than
0.96. Ferrão and Goldstein (2008) also evaluated the impact of measurement
error in those estimates.
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Fixed-effects value-added models

A rather different approach employs so-called fixed-effects models. As
the name implies, these models represent school contributions as fixed
parameters as opposed to random effect models where the school contribu-
tions are assumed to be random variables with a common distribution. In
random effects models, correlations between covariates and the random
effects can introduce bias into the estimates of the school effects. That
problem does not exist with fixed effects models and this, arguably, is their
main advantage. On the other hand, the estimated school effects might vary
considerably from year to year, since there is no use of ‘shrinkage’. A
simple version of such a model is given below:

++++=
k

ijjkijkijijij Xbyaay εθ)1(10)2( (4)

where

 effect of school j.jθ =

Hægeland and Kirkebøen (2008) utilise a fixed-effects model to analyse
school value-added in Norway. They provided an empirical illustration of
how estimates of school performance are affected by the choice of which
socio-economic contextual variables are included in either contextual
attainment models or value-added models. The authors note that adjusting
for students’ prior performance and adjusting for students’ socio-economic
status are not mutually exclusive approaches to estimating school perform-
ance. It is also evident that the role of contextual factors might differ among
countries and the type of model utilised.

The Dallas model

A well-known model that combines the features from different classes
of models is the two-stage model employed in Dallas, Texas, presented in
Webster and Mendro (1997; see also Webster (2005)). The role of the first
stage was to adjust the student test score variables (current scores as well as
prior scores) appearing in the second stage. The adjustment was carried out
for a number of relevant student characteristics. In the second stage, the
adjusted current score was regressed on the adjusted prior scores in a
hierarchical linear model that took into account the grouping of students
within schools. Moreover, this model easily accommodated the inclusion of
school-level covariates that could further enhance the statistical
characteristics of the resulting estimates of schools’ value-added.
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Specifically, let

0 1 1 ...ij ij p pi j ijy b b X b X ε= + + + + (5)

Where

i indexes students within schools j,

y denotes a current or prior test score outcome,

{X} denotes a set of student characteristics that include
ethnicity/language proficiency, gender, student poverty level, first- and
second-order interactions among these characteristics, as well as a number
of indicators of neighbourhood socio-economic status,

{b} denotes a set of regression coefficients,

εij denotes independent, normally distributed deviations with a common
variance for all students.

Thus, the coefficients of equation (5) are estimated for each possible
choice of y. Typically, ordinary least squares is employed. Interest,
however, focuses not on the estimated coefficients, but on the residuals from
the regression. For each fitted regression, the residuals are standardised.
Suppose we use a ~ to denote a standardised residual.

Stage 2 employs a two-level model. Level 1 takes the following form:

1 2~ ~ ~

0 1 2ij ij ijj j j ijZ c c P c P δ= + + +

(6)

and level 2 takes the form:
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In level 1:

i indexes students within schools j,

Z
~
ij denotes a student’s adjusted current test score,

P
~1

ij  and P
~2

ij  denote a student’s adjusted prior test scores,

{c} denote a set of regression coefficients,

ij denotes independent, normally distributed deviations with a common
variance for all students.

Note that the term ‘adjustment’ refers to the results of carrying out the
stage 1 analysis. In principle, more than two prior measures of prior
achievement could be employed.

In level 2:

{W} denotes a set of m school characteristics, including various
indicators of the demographic composition of the school, multiple indicators
of the socio-economic status of the school community, school mobility and
school crowding,

{G} denotes a matrix of regression coefficients,

u0j denotes a school-specific deviation of its intercept in the level 1
equation from the general linear regression relating school intercepts to
school characteristics.

The stage 2 model, which is similar to a random-effect model, is fit using
multi-level software. The estimated school effect is again a reliability-adjusted
estimate of u0j. This is sometimes called an empirical Bayes estimate because
it is equal to the estimate of u0j obtained from a least squares regression for
that school alone shrunk toward the estimated regression plane, with the
amount of shrinkage inversely proportional to the relative precision of that
estimate (see Braun (2006b) for an introduction to empirical Bayes
methodology). The overall performance index for a particular school is
constructed as a weighted average of the estimated school effects for different
courses and grades. In Dallas, the weights were determined in advance by a
designated group of stakeholders, the Accountability Task Force.

In England, a simplified version of a multi-level model has been
employed to facilitate effective interpretation for stakeholders. An example
of such efforts is the decision not to include any explanatory variables for
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the random component of the model. Such a decision simplifies the model
but introduces the assumption of uniformity in value-added between
students within schools such that performance can be illustrated with a
single value-added score. A more complex approach is to assume variation
within schools so that a range of measures is produced for each school. A
significant feature of multi-level modelling is the application of ‘shrinkage’,
where the value-added scores for small schools tend to be closer to the
national mean, making it less likely that extreme value-added scores will be
recorded for these schools. The model can be kept relatively simple: it
could, in theory, have more levels of analysis and more explanatory
variables both in the ‘fixed’ and ‘random’ parts of the model.

Multivariate random effect response models

The EVAAS (Education Value-Added Assessment System) model is an
example of a multivariate, longitudinal, mixed effects model; that is, test
data is collected on students in multiple subjects over several grades. While
the EVAAS model continues to be slightly updated over time, published
versions are not yet available and a recent application takes the following
form:

Let

i index students,

j index transitions,

ni the school attended by student i.

Then, the bivariate model is of the form:

( ) ( ) ( ) ( ), , , ,
i iij ij j j n k n k ij ij

k j

y z
≤

= + +µ γ θ ϕ ε δ ;  (j = 1, 2, 3) (8)

where

ijy  represents the student’s reading score;

ijz  represents the student’s math score;

jµ  represents the average reading score over the whole population;

jγ  represents the average math score over the whole population;

in kθ  represents a school effect in reading;
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in kϕ  represents a school effect in math; and

ijε and ijδ  are the random error terms in reading and math, respectively.

The parameters { }µ  and { }γ are assumed to be fixed, whereas the

parameters { }θ  and { }ϕ  are assumed to be random and jointly independent.

Let iε = ( )1 2 3, ,i i i
ε ε ε  and iδ = ( )1 2 3, ,i i i

δ δ δ , then ( ),i iε δ  are assumed to

follow a multivariate normal distribution with mean vector zero and an
unstructured positive definite covariance matrix. Conditional on the other
parameters in the model, ( ),i iε δ  are assumed to be independent across

students. The joint normality assumption of the error terms is critical for
multilevel modelling of this type to correct for confounding or non-random
assignment.

The layered model is sometimes referred to as a persistence model
because the school effects at one transition are carried over to succeeding
transitions. Typically, the variance-covariance matrix for the student-level
error components is left unstructured. It is assumed to be common to all
students within the cohort but might vary across cohorts. Consequently, the
number of parameters can be large and a substantial amount of data is
required for accurate estimation.

It should be clear that both the data base requirements and the
computational demands are very substantial. The EVAAS model is
implemented on proprietary software and the model described above has
been used to analyse data from more than a hundred school districts for
more than a decade. It has been recently modified but there are no
descriptions yet publicly available. A more complex version of the EVAAS
model is employed to estimate teacher effects. School and teacher models
can be, and are, run in parallel, but there is little discussion in the literature
as to how the two sets of estimated effects can be used jointly.

The primary attraction of the EVAAS model is that, because it focuses
on student progress across a number of assessments, it affords no obvious
advantage to schools with students who enter with comparatively high test
scores. Another attraction is that there is no need to discard student records
that have missing data. Missing data are dealt with as a matter of course.
Recent studies support the robustness of estimates obtained from EVAAS to
departures from assumptions about the nature of the missing data (Lockwood
and McCaffrey, 2007). An obvious distinction between the Dallas and
EVAAS models is that the latter includes neither student nor school
covariates. Since the Dallas model employs data from only two time points, it
must rely on covariance adjustments to make comparisons between schools
fairer. Furthermore, consideration of political imperatives and acceptability
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to stakeholders can provide additional impetus for incorporating student
characteristics into the stage 1 model. On the other hand, Sanders et al.
(1997) has argued that with multivariate longitudinal data, each student acts
as their own ‘block’, and this obviates the need to incorporate such data into
the model (Sanders et al., 1997; Ballou, Sanders and Wright, 2004).
Although it is certainly true that simple gain scores are more weakly
correlated with student characteristics than are current scores, Sanders’
assertion is not a mathematical certainty and requires further investigation.

To this end, Ballou, Sanders and Wright (2004) showed how student
covariates could be included in the EVAAS model for teachers without
introducing bias into the estimated teacher effects (denoted as EVAAS-C.)
They applied both models to data from a school district and found that the
estimated teacher effects from the two models were very similar. In other
words, the EVAAS estimates were robust to the inclusion of student
covariates. It is an open question whether these findings generalise to other
settings and to the estimation of school effects.

For some, the fact that the EVAAS does not employ student covariates
is an advantage because there is no suggestion that there are different
expectations for students with different backgrounds On the other hand,
there might be situations in which non-statistical considerations, for
example, might lead to the adoption of EVAAS-C in preference to EVAAS.
It should be kept in mind that adjusting for student covariates in models less
encompassing than EVAAS could bias the estimates of school performance
in systematic ways. For example, if student covariates are correlated with
school performance (e.g. higher levels of parental education are correlated
with schools having more qualified teachers) then adjusting for the covariate
will result in an underestimate of school performance.

Goldstein (1987) offers another example of a multivariate response
model that allows for the cross-classification of students both by their Junior
and Secondary schools. The results of the cross-classified model suggest
that the Secondary school value-added is influenced by the particular Junior
school the student attended. Another example can be found in the work of
Ponisciak and Bryk (2005). Building on earlier work of the Consortium on
Chicago School Research, they introduced a three-factor, cross-classified
model, which they denoted HCM3. The model made use of the longitudinal
records of students in a single subject. Separate analyses were conducted for
each subject. Students were cross-classified by the class and school attended
for each grade. As the authors point out, their ‘model is a combination of
two simpler models – a two-level model for student growth in achievement
over time, and a two-level model for the value each school and classroom
adds to student learning over time’ (Ponisciak and Bryk, 2005: 44).

While the final version of the model is rather complex, the basic idea is
quite simple. Each student is assumed to have a linear latent growth
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trajectory. The slope of that trajectory in a given year and grade is deflected,
positively or negatively, by the combined effects of the classroom and
school in that year. The deflection is assumed to be permanent; that is, it
persists through the next assessment and beyond. Note that this model
assumes that the test score scale can be treated as if it were an interval scale,
an assumption that is at best an approximation.

Growth curve analysis

Some consideration should also be given to growth curve analysis that
utilises longitudinal data with more than two observations of student
performance to estimate the contribution of schools to students’ growth in that
performance. A growth (in performance) curve is depicted by a growth curve
of a performance measure (or other outcome) over time. When estimating
growth curves, the model smoothes over the observed measures to estimate
the continuous trajectories that are believed to underlie the observations.
Growth curve models assume that there is a latent growth curve that has given
rise to the scores on the measurement occasions (it is for this reason that they
are sometimes referred to as ‘latent growth curve models’). In individual
growth curve analysis, a growth curve for each subject is estimated to
represent the development over time. With linear growth curves, two growth
parameters are estimated, namely an initial level growth parameter (intercept
or status) and a growth rate parameter (growth or slope). Both parameters vary
between individuals meaning that for each individual a growth curve is
estimated with a specific initial level and a specific rate of change. There is a
‘base growth model’ for a cohort entering in a particular grade and year:

0 1[ ]it i iE y c c t= + (9)

Here

i indexes students and t indexes grades,

E denotes the expectation operator,

y denotes the test score,

c0 and c1 denote the initial level and the slope of growth.

It is assumed that the pair (c0, c1) are randomly distributed over the
students in the cohort. Equation (10) represents the latent growth trajectory
for student i in the absence of class and school effects. Now, let vt denote the
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deflection to the slope by the class and school in which the student was
enrolled in grade t. Then

0 1
1

[ ]
t

it i i k
k

E y c tc v
=

= + + (10)

The last term on the right hand side, the summation, represents the
cumulative contribution of the class and school effects over the t grades. The
{v} (the school effects) are assumed to be random across classrooms nested
within schools and independent of the student level effects.

Additional complexity is introduced by taking into account the realities
of working school systems. For example, secular changes might take place
in the system and affect all the students who entered the system in a given
year and are enrolled in a particular grade. It is assumed that such changes
shift the mean for that grade/year cohort. In addition, a random effect is
introduced for each school to account for selection effects due to students
not being randomly assigned to schools. The model can also be expanded to
accommodate changes in the class and school effects over time. For further
details, consult Ponisciak and Bryk (2005). The cited reference contains an
extended analysis of data from the Chicago Public Schools system, as well
as a comparison of the HCM3 results with those of simpler models. A
closely related model, utilising latent variable regression, has been proposed
by Choi and Seltzer (2005). See also the review by Choi, Goldschmidt and
Yamashiro (2005).

As growth curve models are a type of multi-level model (measurements
nested within students), it is straightforward to include an extra level, such
as the school-level (students are nested in schools), in order to estimate
school residuals. These school residuals reflect the relative contribution of a
school to their students’ status and growth over time and, thus, can be used
as value-added scores of schools. Growth models are intuitively appealing
and can be considered in education systems that have a large number of
observations of student performance (growth curve modelling is not suited
to situations where only two measures of student performance are available).
The models rely heavily on the quality of the longitudinal data set and issues
such as student mobility and grade repetition must be considered (these
issues are discussed in more detail in Chapter Six).

Conclusion

This chapter has provided some key examples of value-added models
and discussed their statistical properties, illustrating advantages and disad-
vantages of their use in specific circumstances. Each model has different
data requirements and therefore each has different costs associated with its



CHAPTER FIVE: ILLUSTRATIVE VALUE-ADDED MODELS – 153

MEASURING IMPROVEMENTS IN LEARNING OUTCOMES… – ISBN 978-92-64-05022-8 © OECD 2008

implementation. Different models can also be suited to particular policy and
analytic objectives so it is impossible to state, a priori, that there is a ‘true’
or ‘best’ model across education systems. Instead, analysis needs to be
undertaken of how each model can be used to meet the required objectives
and meet the desired statistical criteria during the implementation stage of
the system of value-added modelling.

Chapter Six further discusses the criteria that should further an under-
standing of the statistical operating characteristics of different value-added
models so that policy makers and administrators can make informed choices
in their selection of a model when implementing a system of value-added
modelling.
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Chapter Six

Model Choice: Statistical and Methodological Issues

The objective of this Chapter is to assist administrators and policy
makers in their decision-making regarding the appropriate value-added
model to be used in their education system. The decision to employ value-
added modelling and, if so, which model in particular, involves many
factors, both technical and non-technical. Some key design issues were
touched upon in Chapters Four and Five. The focus of this chapter is on
statistical and methodological considerations which are important because
their explication reveals both the strengths and limitations of the different
models in various contexts. Even judged by purely technical criteria, there
are few, if any, cases where there is a single ‘best model’ that can be
implemented in every situation. Although technical analyses are rarely
definitive, they do contribute to informed decision-making. Moreover, if a
value-added model is implemented, then an appreciation of the strengths and
weaknesses of the model reduces the risk of improper interpretations and
inappropriate use of the estimated school value-added scores.

There are three main statistical issues to be considered. First is the
variance of the estimates, including their inter-temporal stability, which can
be a particularly complex problem because of the difficulty in disentangling
true changes in school performance from various sources of noise. The
second issue is bias and robustness to departures from underlying
assumptions. Finally, there is the question of the degree of similarity
between the value-added estimates produced by the different models. Part
III of this report includes a discussion of how such criteria can be practically
applied in choosing the most appropriate model in the pilot stage of the
implementation process. The material in this report should enable policy
makers to utilise the appropriate estimation and garner the confidence of
stakeholders in the use of the value-added estimation.

Before proceeding with the main task of the chapter, it is worthwhile to
recollect the reason we are grappling with this set of complex issues. From a
policy point of view, the capacity to identify both unusually effective and
ineffective schools is extremely important. Such data-based indicators can
be used in conjunction with other indicators for various purposes, including
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evaluation, improvement or the provision of information to the public. It is
intuitively plausible that it is possible to employ longitudinal test score data
(in the aggregate) to make credible judgments about school quality.
However, it is quite challenging to build a proper evaluation system.

The application of a value-added model to a particular data set is
intended to yield estimates of the contributions made by schools to student
progress. The objective is to try to isolate the contribution of the school
itself (its personnel, policies and resources) to student learning. In other
words, the use of such models is intended to emulate (to the greatest extent
possible) the situation of a randomised experiment. This is challenging and
the statistical criteria to be discussed serve as the basis for deciding how
close to achieving this goal one can come with a particular model in a
specific setting. The preferred model will vary between education systems
because of differences in objectives, the samples and contextual data used,
and the nature of student assessments. From a practical point of view, model
choice should not be made without extensive pilot testing, analysis and
consultation with various stakeholders. These considerations are discussed
further in Part III.

Statistical Criterion: Variance and inter-temporal stability

Typically, the application of a value-added model produces a set of
estimated school effects, along with estimates of the variances of those
estimates. The (estimated) variance of a school effect is a measure of the
uncertainty that is attached to that estimate. Generally speaking, the amount
of variance is largely determined by the particular value-added model used
and the amount of data available, especially the number of observations that
can be obtained from the school. Variance estimates are important, not least
because they provide a counterweight to the natural inclination to over-
interpret small differences between school effects. They can also be used to
construct confidence intervals around the estimated school effects.

Obviously, one would prefer that the variances to be as small as possible,
leading to short confidence intervals. When the confidence intervals are small
in comparison with the spread among the estimated school performance
measures then ‘extreme’ schools can be easily identified. That is, schools with
true effects that are substantially higher (or lower) than average, will typically
be associated with estimates that are relatively accurate and judged to be
statistically significantly different from the average. Accordingly, substantial
effort is expended in trying to reduce the level of the variances of the school
performance estimates. This usually involves obtaining more relevant data
(e.g. longer test score sequences or test data in multiple subjects) as well as
selecting a model that makes more efficient use of the data at hand.

A key element in choosing an appropriate value-added model is the
stability of results over time. If schools’ value-added scores fluctuate
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substantially and, more importantly, in an apparent random manner, then it
is difficult to be confident that accurate estimates of the contribution of a
school to growth in student performance are being obtained. A reduction in
confidence might have serious repercussions for various stakeholders in the
education system, particularly those that might feel the brunt of a punitive
school accountability system. Stability of school results should therefore be
analysed in the development of value-added modelling and in the regular
monitoring of the system. However, given that some changes in schools’
value-added scores are expected and desired over time, there are difficulties
in determining if instability is due to real changes in school performance or
just chance fluctuations.

Year-on-year correlations of schools’ value-added estimates depend on
school size, the type of model used, the number of contextual variables
included, the number of years between prior attainment and outcomes and
the coverage of the comparison (all schools in the country or some subset).
When school effects are calculated annually, it is not unusual to find that
many fluctuate rather widely. Kane and Staiger (2002) observed this
phenomenon in North Carolina. Some schools will appear to be unusual on
the basis of changes in the data that are used in the value-added model, but
for some schools it is hard to say whether a rise or fall in value-added looks
‘genuine’. More detailed value-added data (e.g. from models for subjects or
subgroups within a school) can be used to establish whether the changes are
plausible.

As an example, analysis was undertaken of English data of the stability
of schools’ value-added and contextualised value-added scores compared
with the stability of schools’ raw results (Ray, 2007). Table 6.1 shows the
average absolute change in each of the measures and the standard deviation
of these changes. These statistics all are presented in the same units: Key
Stage 4 points. Raw results increased between 2005 and 2006, whereas
value-added and contextualised value-added scores changed little on average
because they are relative measures. Importantly, the standard deviations of
these changes are of a similar size. The results here show that although
value-added and contextualised value-added are more variable than raw
scores in relative terms (e.g. as measured by correlations between 2005 and
2006), stability isn’t necessarily lower for value-added in absolute terms. In
fact, stability in this case is slightly higher for both value-added and
contextualised value-added scores than for raw results, with the value-added
estimation producing the most stable measure.
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Table 6.1. Absolute changes in Contextualised Value-Added (CVA), Value-Added (VA)
and raw results (APS): Summary Statistics, Key Stage 4, 2005-2006 (U.K.).

Mean
change

Standard
deviation of

changes

25th
Percentile

change

Median
change

75th
Percentile

change

Change in raw APS 5.4 14.9 -4.1 4.9 14.2

Change in VA -0.1 12.3 -7.9 -0.4 7.3

Change in CVA -0.3 13.4 -8.1 -0.4 7.5

Source: Ray, A. (2007)

Three factors other than variation in true school performance that affect
the stability of value-added scores over time are: changes in the assessment
instrument being utilised; changes in the accompanying data (usually the
contextual data); and the greater volatility in the results for smaller schools.
Test score characteristics can vary from year to year because of insufficient
control in development, problems in equating test forms, or even planned
changes. Similarly, there can be changes in the number, meaning and quality
of the variables used for adjustment. A common remedy that is recommended
in this report is to use three-year moving averages for schools’ reported value-
added scores. This tends to smooth out random fluctuations and should
provide more stable measures. The cost of this procedure is that it can make it
more difficult to identify true changes in schools’ effectiveness. Three-year
moving averages can be applied to the results of any value-added model. In
particular, recall that the so-called random effects models exhibit an important
characteristic; namely, that schools’ value-added estimates are ‘shrunk’
toward the overall average of zero, with the amount of shrinkage inversely
related to the relative amount of information available from the school. Thus,
estimates for small schools tend to experience a great deal of shrinkage, which
contributes to stability but, again, makes it more difficult to identify schools
that are significantly different from the average. In a sense, this is a version of
the familiar trade-off between Type I and Type II errors. It should be noted,
however, that views differ on the appropriateness of using shrunken residuals
in the context of a system for providing value-added scores schools (Kreft and
De Leeuw, 1998: 52).

Changes in tests might increase or decrease the numbers passing or
getting higher grades. This could create instability for school indicators if
the models rely on vertical equating to produce growth scores or ‘progres-
sion’ statistics.16 Even with value-added scores that simply compare schools

16 An example in England is a simple statistic currently being considered (though
not yet in use): the number of pupils in a school who progress two National
Curriculum levels or more within a Key Stage.
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against each other and produce estimates centred round the average, there
would be a problem of instability if changes in the tests favoured some
schools more than others. For example, if pass rates rise in a vocational
subject that is part of the value-added output measure and this subject is
taken mainly by students in particular schools, these schools could end up
with higher value-added scores than in the previous year.

A related issue is the robustness of value-added results to different data.
For example, suppose that there are two different tests in the same subject,
each given over a number of years. If the same value-added model is applied
to each data set, how similar are the results? Sass and Harris (2007) carried
out such a study using data from Florida in the course of estimating teacher
effects and obtained qualitatively different results. This result is not
surprising as the tests were built using different frameworks and had
different psychometric characteristics. Nonetheless, this finding serves as a
reminder that the nature and quality of the test data can and should have a
material effect on the output of the analysis. Further work in this direction
can be found in Fielding et al. (2003) and Lockwood et al. (2007).

When the value-added model includes contextual data, discontinuities
can also lead to instability. For example, in England, a particular Local
Authority changing its policy on entitlement to Free School Meals might
affect contextualised value-added scores in its schools during that year. In
comparing the stability of contextualised value-added scores with raw
scores, Thomas et al. (2007) illustrated that correlations based on raw scores
are considerably higher. Value-added scores were found to be less stable
than raw results because the latter are regularly subject to factors that the
value-added scores have factored out. For example, a school’s results might
be relatively low over time because it usually has an intake with low prior
attainment and high levels of deprivation; if the value-added scores measure
residual variation in outcomes after taking these factors into account, then
there is a greater possibility of instability of scores. However, it should be
noted that despite this instability, the value-added results are likely to be a
more equitable measure of this school’s effectiveness.

Estimates for small schools will be subject to greater sampling variabil-
ity. Plots of year-on-year differences in school effects against school sample
sizes display a characteristic pattern with greater dispersion associated with
smaller sample sizes and negligible dispersion associated with larger sample
sizes. More generally, since estimated school effects are deviations from an
overall average, a school’s result also depends on the (adjusted) test score
gains in other schools. These too, can vary across years. In most education
systems, smaller schools are more common in the primary school sector than
in the secondary school sector. Accordingly, the value-added estimates of
primary schools are more likely to exhibit greater relative instability,
making it more difficult to isolate persistent ‘underperformers’. Ray (2007)
investigated the number of primary schools that might plausibly be labelled
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as underperforming on the basis of data accumulated over three years in
England. Of the 16 200 primary schools examined, relatively few (424
primary schools) had a value-added estimate more than one standard
deviation below the average for three consecutive years. This was not
calculated using the contextualised value-added scores but was based on the
median method (so without any shrinkage). In order to increase the
membership of the group qualifying as underperforming on the basis of
having ‘low’ value-added in each of the three years, the definition of ‘low’
would have to be made less restrictive (e.g. 0.75 standard deviations below
average in all three years). Clearly, one could set a criterion based on three-
year averages in order to smooth out some of the instability. Other options
would be to exclude schools below a certain size along with general
warnings to the user about the accuracy of assessing annual changes in
value-added scores. Smoothing across years and/or excluding small schools
involves a trade-off between having estimated school effects that are less
affected by random variation and discovering true changes in school effects
at a later period. In discussion within the expert group formed for the
development of this report, it was generally considered that schools with
annual cohorts of less than 20-30 students were more prone to produce less
stable results. However, it was recognised that school size can vary
considerably across countries and that practical considerations need to be
included in any decisions concerning removing schools from the sampling
or analysis. Additional investigation of the stability of schools’ value-added
results should guide judgments about their inclusion in the sample.

Statistical Criterion: Bias

The utility of a value-added model also depends on the amount of bias
in the estimates it produces. Bias is a measure of essential inaccuracy. An
estimator is biased if its average value over many replications of a study
does not tend towards its ‘true’ value. Typically, bias is not reduced by
simply adding more data of the kind that has already been included in the
model. In this respect, bias is fundamentally different from variance because
ordinarily, the latter can be reduced by increasing the amount of data
available for analysis.

Bias is also more difficult to quantify and to ameliorate than is variance
because, in a sense, it lies ‘outside’ the model. For example, suppose it is
common in some districts for students to attend private tutoring sessions in
preparation for examinations. If these sessions are well designed, the
students will advance academically and, presumably, this will be reflected in
their performance on the test. However, if the test scores are used for a
value-added analysis, the schools these students attended will appear to be
more successful than they really are, resulting in a distorted or ‘biased’
picture of their relative performance. In this example, the bias enters into the
estimation of school effects because of an omitted variable (attending
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private tutoring) creating a correlation between the school variables and the
error term. While the calculation of a variance is based on assuming the
model is correct, bias usually arises when the assumptions underlying the
model are not satisfied. The assumptions might relate to the nature of the
data (such as the omissions of relevant variables), the structure of the model,
or both. So, while variance estimates for school effects are generated as a
matter of course by most value-added models, estimates of bias are never
produced. Approximations to the bias can sometimes be calculated
analytically. More often, they are obtained through simulations in which
departures from the assumptions are systematically explored.

Estimated school effects will be biased to the extent that there is system-
atic under- or over-adjustment (see discussion in Chapter 4). The student-level
data available for analysis rarely fully represents those aspects of the student’s
background that are related to academic achievement. For example, the level
of parental education is usually considered as a proxy for general socio-
economic status. However, a fully specified model for socio-economic status
usually would also include parental occupation(s), family income and further
inter-generational transfers. Evidently, the level of parental education alone
does not do justice to the concept of socio-economic status. It is likely,
therefore, that a model incorporating the level of parental education alone
results in under-adjustment. That is, the estimated effects of schools with
higher socio-economic status populations are biased upward, while the
estimated effects of schools with lower socio-economic status populations are
biased downward.

Unfortunately, there are myriad ways for bias to confound estimates of
school performance. Consider, for example, the situation in which student
mobility varies among schools. In schools with highly mobile student
populations, substantial school resources might be directed toward transient
students, only for it to be the case that they either have left before the test
has been administered or have not spent sufficient time in the school to be
counted. This difficulty is compounded by the effect of the changes in class
composition on the non-transient students. Thus, some amount of the
school’s efforts is not reflected in the data for the model and could result in
a lower estimate of the school’s performance. If mobility rates are greater in
schools serving more disadvantaged populations and with fewer resources
overall, then these schools’ estimates could be biased downward. These and
other similar scenarios suggest that great care should be exercised in
comparing schools with very different mobility patterns.

Measurement error is also a potential source of bias. It is well-known
that the theorems of classical regression theory assume that the explanatory
variables in the model are measured without error. In the present case, both
prior test scores and contextual variables might contain substantial amounts
of noise, with the consequence that the estimates of the regression
coefficients used for adjustment are biased toward zero. Ladd and Walsh
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(2002) show that the use of a single prior test score can lead to value-added
estimates with poor operating characteristics. They suggest using twice-
lagged test scores (i.e. scores from two years earlier) as an instrument for the
prior year test scores. There is lack of consensus, however, as to whether the
twice-lagged score fully meets the requirements for an instrumental variable.

Statistical Criterion: Mean Squared Error

In practice, assumptions are never completely satisfied and no model is
perfectly appropriate. Thus, bias might always be present. The issue is the
direction of the bias and its magnitude (both absolutely and in relation to the
magnitude of the variance). Bias is often a greater concern than variance, not
least because it is a more subtle danger to the utility of the estimates
produced by a value-added model. Traditionally, statisticians judge an
estimator on the basis of a measure of total error, called the mean squared
error (MSE). A convenient expression for the MSE is:

MSE = Variance + (Bias)2

Thus, some models accept a small amount of bias in order to reduce the
variance sufficiently to yield a smaller MSE. This is the strategy of value-
added models that model school contributions as random effects. They yield
estimated school effects that are shrunk toward the average (introducing
bias) but the variances of the estimates are substantially reduced in
comparison to those not based on sharing data across schools. The former
usually have a lower MSE than the latter. An alternative approach to
dealing with adjustment concerns is to employ models in which both
students and schools are treated as fixed effects. This eliminates the problem
of correlated errors and the like. However, when the numbers of students
and schools is large, there are computational issues with large numbers of
students and schools that can lead to greater uncertainty with the school
value-added estimates that need to be addressed because of the large number
of parameters to be estimated. Fixed-effects estimates are consistent but can
be quite variable because there is no ‘borrowing of information’ across
schools, as is the case with random effects models. There is a trade-off
between the bias and variance found in random-effects as opposed to fixed-
effects models. Lockwood and McCaffrey (2007) have investigated the
statistical properties of random effects models. They demonstrate that, with
sufficient data on prior attainment, the bias introduced by correlation
between student specific errors and (random) school effects is small enough
to be ignored. The models yield estimates that are shrunk towards the mean
which induces some bias but also reduced variance. These models are
generally preferred due to the resultant lower MSE. However, one should
always be aware of the trade-off that is present when using random effect
models, since borrowing of information produces estimates that are less
variable (i.e. more precise) at the cost of a bias.
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Missing data

To this point, the report has considered three statistical criteria with the
assumption that the database employed in the analysis is complete. In
practice, however, that positive circumstance is rarely obtained, in part
because value-added models are so greedy for data. They require student
records of test performance in one or more subjects for two or more years.
Many require student characteristics and other contextual data as well. In
most settings, some student records will be incomplete. Of course, most
worrisome is the situation in which enrolled students are entirely absent
from the database. It is essential, therefore to conduct a number of data
quality evaluations before proceeding to the analysis. These issues are
treated more fully in Part III.

A substantial amount of missing data, especially test score data, is a cause
for concern, with respect to considerations of both variance and bias,
especially the latter. Now, it is certainly the case that there are legitimate
reasons for test score data to be missing. These include the student leaving the
school or area/region or taking another form of the assessment (especially in a
system with explicit educational tracks). On the other hand, the student might
have been absent on the day of the test with no opportunity for a make-up
session. The question then devolves to asking whether the characteristics of
the students with such missing data are consistent with the assumptions of the
model – a question that is now addressed.

To begin with, consider first the situation in which the value-added
model requires test scores from two successive occasions, as well as some
student characteristics. If all student records contain the prior score but some
are missing the current score, then something must be done to ameliorate the
situation. One possibility is to simply delete those records with missing data
and carry out the analysis on a set of complete records. Unfortunately, this is
likely to produce biased estimates unless the missing data are missing at
random. The assumption that missing data are missing completely at random
means that the distribution of missing scores is the same as the distribution
of observed scores (McCaffrey et al., 2003: p. 82). This assumption is
unlikely to hold in school systems. It does not hold, for example, if students
with unfavourable characteristics (i.e. characteristics that are associated with
smaller gains) are more likely to be missing test scores, other things being
equal. This would be particularly important for differences in retention rates
in both post-compulsory schooling and in different subjects. In that case,
schools with higher proportions of such students and, typically, higher
proportions of deleted records, will be advantaged in the analysis. This is a
form of bias.

More complex models (e.g. EVAAS) are able to accommodate both
complete and incomplete records. The incomplete records will not introduce
bias if the missing data is missing at random. The assumption that missing
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data is missing at random is a weaker assumption than missing completely at
random. This means that, conditional on the student characteristics and test
scores included in the model, the distribution of the missing scores is
assumed to be the same as the distribution of observed scores, e.g. within a
group of students with the same characteristics and test scores in the model,
the missing scores are not systematically different from the non-missing
scores. In other words, the process generating the pattern of missing values
and the test score outcomes are independent of one another (Rubin, 1976;
Little and Rubin, 1987).

Even the weaker missing at random assumption can fail in many ways.
It fails, for example, if for a fixed set of student characteristics, weaker
students (i.e. those with more shallow test score trajectories) are more likely
to be absent on the day of testing. They might be absent because they choose
to do so or they might even be encouraged to do so. Of course, the missing
at random assumption is unlikely to be fully satisfied. The question then is
how robust are the estimated school effects to departures from the missing at
random assumption. A recent study (McCaffrey et al., 2004) suggests that,
under certain conditions for some models, there is a fair degree of robust-
ness. In other words, the bias in the estimates introduced by the missing data
is relatively small.

This good news should be interpreted cautiously. First, the robustness
is partly due to the extensive data employed by these models. That is, the
effect of the departure from the missing-at-random assumption is mitigated
by the contributions of the extensive information employed by the model.
Second, missing data leads to greater variance in the estimates in com-
parison with what would be obtained with complete data. So substantial
amounts of missing data will reduce the utility of the estimates if, for
example, the main goal is to identify schools that are significantly differ-
ent from the average. If truly less effective schools are more likely to have
incomplete databases, then with random effects models, their value-added
estimates will experience greater shrinkage and it will be more difficult to
distinguish them statistically from the average.

Model choice in value-added analysis

In implementing a value-added model it is advisable, where possible, to
compare the characteristics of the school value-added estimates from
different model specifications. From a practical point of view, the most
important issue is to what extent different value-added models yield
generally similar results, i.e. whether the choice of model makes any
difference empirically. Jakubowski (2007) undertook a comparative study,
using data from Poland and Slovenia, to compare different value-added
models with respect to the stability of the results. These models have been
often used in value-added research and some of them have been
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implemented operationally. They are not described here as they are treated
in the literature on multi-level (hierarchical linear or mixed) models and
value-added methods for school assessment (see Goldstein, 1997, 1999;
Raudenbush and Bryk, 2002; Snijders and Bosker, 1999).

In both countries the data included individual student scores from exams
conducted at the end of primary school and at the end of secondary school.
However, the age of the students and subjects that were examined differed.
It is important to note that the two countries differ substantially with respect
to population size, the organisation of schools, and many social and
economic characteristics. The first model was a simple linear regression
model, with regression residuals used to calculate schools’ value-added. The
second model was a linear regression fixed effects model. The third model
was a random effects model, with school effects assumed to be
independently and normally distributed. The fourth model considered was a
random slope (or random coefficient) model where not only the intercepts
(school effects) but also the intake score slopes were assumed to be
randomly distributed and allowed to vary between schools.

The key finding was that the correlations among different sets of value-
added estimates were very high (Jakubowski, 2007). Therefore, from a
practical viewpoint it was judged that simpler models were preferable to
more complicated ones in conditions where simplicity and accessibility are
more important for policy makers than theoretical optimality. The random
slope model also provided very similar estimates to the simpler models.
Allowing for variation in intake score slopes did not produce significantly
different results alone. This does not mean that model choice is an irrelevant
question nor does it mean that simpler models should always be preferred
and will always produce similar results. Rather, it illustrates that different
value-added estimates might not produce substantially different results and
that these differences should be tested and analysed. Comparing estimates of
different value-added models with respect to some set of pre-determined
criteria and objectives should allow a suitable model to be identified.
However, in reviewing such comparisons general correlations might not be
as important as the consistency of schools’ value-added scores at either end
of the distribution. In comparing different models, it should be recognised
that there are costs and benefits associated with different models and that
while more complex models might yield superior statistical properties, such
as some robustness against missing data and selection bias, they might also
be more costly in terms of transparency and, particularly for some countries
with poor centralised data collections, data requirements.

There have been a number of other relevant studies. Gray et al. (1995)
calculated value-added scores for a group of secondary schools between
1990 and 1991 and between 1991 and 1992 and found strong correlations of
between 0.94 and 0.96. The authors consider that their findings, along with
earlier research suggest “that there is a good deal of stability in schools’
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effectiveness from year-to-year” (p.97). In their more recent study of 63
secondary schools in Lancashire, Thomas, Peng and Gray (2007) found
correlations in contextualised value-added for adjacent years in the range
0.80 to 0.89. Comparative analyses have also been conducted by Ponisciak
and Bryk (2005), who found modest correlations among methods. In the
USA, Tekwe et al. (2004) carried out a study comparing estimated school
effects for four models employing data for grades 3, 4 and 5 from a Florida
school district with 22 elementary schools. The models ranged from the
simple to the complex. Correlations among the model estimates typically
exceeded 0.90, except those involving a complex multi-level model where
they exceeded 0.70. The authors concluded that there does not appear to be
any substantial advantage gained from using more complex models rather
than a simple change score model. In response to the analysis of Tekwe et
al. (2004), Wright (2004) carried out a simulation employing a factorial
design for the different parameters: number of students; gain patterns; and
the degree to which missing values might have biased schools’ value-added
scores. He compared a simple gain score model with two more complex,
longitudinal models. Using a MSE criterion, he concluded that the more
complex models are to be preferred in view of their lower MSE in those
cells of the design that are more likely to represent real-world data. It is also
possible that the typical size of the estimated standard errors attached to the
estimated school performance measures can be different across models.
Therefore, one method might be preferred because a greater number of
schools can be accurately distinguished from the average. However the
question of whether stability is ‘reasonable’ depends critically on how the
value-added scores are to be used and how notions like ‘underperformance’
are defined. The results described above are consistent with empirical work
on the EVAAS model.

The similarity of schools’ value-added scores using different models
illustrates that the choices faced by policy makers and administrators are not
simply choices between good and bad models. In general, most models will
produce similar results if the data used is the same across models, the test
data is reliable, and particularly if multiple prior attainment measures are
incorporated into the estimation process. It appears, though, that more
complex models, given the limitations of the data available, can provide
greater accuracy and also appear to be less sensitive to departures from the
underlying assumptions. Models can be complex in different ways. One
model might introduce complexity by including multiple assessment scores
on multiple subjects such as in the EVAAS model. Another model might
take into account a variety of additional factors affecting performance scores
(Ponisciak and Bryk, 2005). The increased level of complexity in either of
these models (or any complex model) is only beneficial if it captures
meaningful patterns or sources of noise in the data. The disadvantage lies in
the greater level of complexity and the need for more data so that the
parameters of the model can be well estimated. This trade-off needs to be
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analysed in the pilot stage of the implementation of a system of value-added
modelling, including an assessment of the extent that additional data is
required for more complex modelling.

In the recommendation to the UK Government concerning the
implementation of value-added modelling, Fitz-Gibbon (1997: 38) found
that “the value-added indicators produced by the simple procedure of
comparing students’ performance directly with the performance of similar
students, regardless of the school attended, and then summing the value-
added scores (residual scores) gave indicators that correlated so highly with
indicators from more complex models that the simple methods could be
recommended”. Given the advantages of communicating simpler models to
stakeholders, such a finding lends itself to the adoption of more simple
value-added estimations. These could then be supported with more complex
models both for internal analysis and to monitor the results of the simpler
model.

An additional issue that can be analysed is the differences in modelling
of different structures of student assessment scores. Fielding, Yang and
Goldstein (2003) compared value-added estimates based on a multi-level
model for point scores and a multi-level model for ordered categories. The
models were applied to a large database of the General Certificate of
Education Advanced Level examination in England and Wales. For both
kinds of models, the covariates were: student prior achievement; gender;
age; school; type of funding and admission policy; and, examination board.
It was shown that the correlation coefficients and rank correlations between
the institution residual estimates and value-added estimates from each pair
of models were larger than 0.96. However, if it is true that an individual
school’s value-added estimates can differ substantially among models then
the choice of the most appropriate value-added model is an important one.
Therefore, in comparing the impact of different models, the identification of
single schools for which there are significant differences should be
undertaken. In addition, it should be emphasised that consistency of findings
does not necessarily imply that bias or measurement error do not exist.

Conclusion

A school’s estimated contribution to student learning can alter with the
specific value-added model employed. Differences in specifications can
derive from a number of factors such as the range of test data used (i.e. the
number of years and the number of subjects), the treatment of missing data
and the kinds of adjustments employed. With these differences, each value-
added model brings advantages and disadvantages that must be considered
in light of the context in which they are used and the nature of the data
available. In general, the more complex models have greater data
requirements, are more difficult to implement and evaluate, and pose greater
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challenges in trying to communicate their logic to different stakeholders,
including the public at large. A natural question then arises, “Is it
worthwhile using more complex models?” With greater complexity come
additional costs, particularly if additional data must be collected for the
more complex models (which is often the case). The advantages of this
increased complexity, such as reduced variance, need to be weighed against
the costs. Among policy makers there is an understandable preference for
simpler value-added models that are easier (and cheaper) to implement and
more amenable to effective communication with stakeholders. However, if
simpler models result in more misspecification then the school performance
estimates will be biased and costs will be larger in the long-run. These costs
and benefits will differ between education systems and can be analysed
during the pilot phase of the implementation process to illuminate the extent
of the trade-offs.

Given the particular characteristics of each education system, the
objectives of the system of value-added modelling and the type of student
assessment upon which it is based, it is not possible to identify a single
value-added model that is suitable to all education systems. Instead,
different models should be analysed for their fit with each system. The
discussion of the issues in this chapter that should be analysed to inform
decisions of model choice has included:

• The variance in each value-added model should be analysed to
evaluate the suitability of particular models. The estimated standard
errors attached to the estimated school effects can differ across
models. One method might be preferred because smaller standard
errors mean that a greater number of schools can be accurately
distinguished from the average or classified as reaching some pre-
defined target. Analyses comparing value-added models against this
criterion might be conducted in the implementation stage. For
example, pilot data can be tested to identify the most appropriate
model by minimising variance to produce more interpretable results.

• The use of socio-economic contextual data and the roles that
different data components play in a value-added analysis as all
value-added models involve some sort of adjustment to the sequence
of raw test scores attached to each student. Although the need for
adjustment flows naturally from the rationale behind value-added
modelling, it must be done carefully or it will produce estimates that
can be quite misleading. Analyses should be conducted to assess the
impact of the inclusion of socio-economic characteristics upon
schools’ value-added scores and aspects of the overall value-added
model (e.g. the predictive power of the model and the standard
errors associated with school estimates).



CHAPTER SIX: MODEL CHOICE: STATISTICAL AND METHODOLOGICAL ISSUES – 169

MEASURING IMPROVEMENTS IN LEARNING OUTCOMES… – ISBN 978-92-64-05022-8 © OECD 2008

• The potential bias in the model needs to be analysed and the
potential for how it can be reduced tested during the pilot phase of
implementation. While the extent of bias in estimations is not
straightforward to analyse, approximations can be made and
simulations run to assess potential bias. The potential of missing
data can be explored and the inclusion or exclusion of specific
variables in the model might highlight specific problems.
Comparisons with actual raw test scores further illustrate potential
bias in the estimations.

• The assumptions concerning missing data made in the specification
of value-added modelling can be compared with the pattern of
missing data evident in the sample and the estimates of the effects of
missing data can be calculated. Procedures can also be implemented
to reduce the frequency of missing data in the implementation of
student assessments and other data collections (e.g. creating
(dis)incentives for (low) high levels of student participation).

• Small sample size is an issue given the greater levels of uncertainty
usually surrounding estimating school value-added with small
sample sizes and the reduced stability of these schools’ value-added
scores. Estimates of value-added for small schools can be tested and
recommendations made for both the analysis and presentation of
school results. In general, participating countries considered cohorts
with fewer than 20-30 students produced school value-added
estimates that led to problematic interpretation of results.

• Stability of schools’ value-added scores and how this is affected by
the classification of school performance and the choice of value-
added models. Analyses such as those presented in this report can be
undertaken to ascertain the degree of stability of school scores and
whether it can be minimised. In such analyses, it is important to
consider not only the overall level of stability (or lack thereof) but
changes in individual school scores. Analysis can then be conducted
of the causes of such instability and to identify whether particular
schools are more susceptible to instability their school results.

Given the need for straightforward value-added models that can be
effectively communicated to stakeholders, the analysis outlined above
should compare the results with relatively more simple and more complex
value-added models and an assessment made of the differences. If there are
few significant differences between these models then it might be
appropriate to use the simpler value-added models to present results to the
public and to some other stakeholders. This would facilitate effective
communication and ease the use of value-added information to advance
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specific policy purposes. The presentation of the results of simpler models
would then need to be supported by extensive on-going internal analysis that
compared these results with those obtained from more complex value-added
models. Comparative analysis would ensure that the simpler models
produced estimates that were accurate and did not unfairly affect specific
schools or school groups. As the model is developed over time, such
analysis would need to be continually undertaken. This would be
particularly important in instances where data availability and requirements
change over time.

If such a decision is made to employ two levels of modelling then it
requires a set of actions to ameliorate any discrepancy in the results between
the simpler and more complex models. As shown in this Chapter, such
discrepancies might not necessarily be common to a large number of
schools. Moreover, during the implementation phase, the choice of the
specific model that is used and presented to stakeholders should be based
upon analysis that illustrates that such discrepancies have been minimised.
But it is important that there is a pre-determined set of criteria for assessing
the validity of differing results, particularly if value-added results are to be
used for school accountability purposes. Such criteria should identify the
source of the difference in a school’s results and then enable an identifica-
tion of the more accurate measure of a school’s performance. If value-added
information is used for school improvement purposes, then such procedures
can provide further valuable information. In some instances, they could be
incorporated into the system of school improvement. A discrepancy in a
school’s results might trigger an expanded data collection that helps to
identify the source of the discrepancy. Regardless of the actions for
individual schools, the analysis of discrepancies in results between more
simple and more complex value-added models should then feed into the
ongoing development of the system of value-added modelling. This should
help to reduce the number and size of discrepancies between simple and
complex models over time. It might be prudent to initiate value-added
analyses through simpler models, with more complex models being reserved
for research and introduced perhaps at a later stage when all the technical
issues have been satisfactorily resolved.
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Introduction

With education systems in all OECD countries coming under increasing
pressure to enhance their effectiveness and efficiency, there is a growing
recognition of the need for accurate school performance measures.
Assessments of student performance are now common in many OECD
countries, and the results are often widely reported and used in public debate
as well as for school improvement purposes. There are diverging views on
how results from evaluation and assessment can and should be used. Some
see them primarily as tools to reveal best practices and identify shared
problems in order to encourage teachers and schools to improve and develop
more supportive and productive learning environments. Others extend their
purpose to support contestability of public services or market-mechanisms
in the allocation of resources, e.g. by making comparative results of schools
publicly available to facilitate parental choice or by having funds following
students. Regardless of the objectives of measuring school performance it is
important that they truly reflect the contributions which individual schools
make rather than merely or partly the different socio-economic conditions
under which teachers teach and schools operate. If this is not the case,
resources can be misallocated and perverse incentives created if, for
example, schools can receive a higher performance measure through
academic selection or through selecting students from privileged socio-
economic backgrounds, rather than improving outcomes through investment
in better instructional methods.

This report documents state of the art methods, referred to as value-
added modelling, which allow users to separate the contributions of schools
to student performance from contextual factors that are outside the control
of classrooms and schools. The greater accuracy they provide in measuring
school performance and the role they can play in the development and
implementation of education policy and school development initiatives has
created a growing interest in value-added modelling. A number of studies
have shown that value-added modelling provides more accurate estimates of
school performance than do the comparisons of raw test scores or cross-
sectional contextualised attainment models (discussed in more detail below)
that are often used to provide school performance estimates (Doran & Izumi,
2004). They provide a fundamentally more accurate and valuable
quantitative basis than do raw test scores and cross-sectional studies for
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school improvement planning, policy development and for enacting
effective school accountability arrangements.

Value-added models are statistical analyses that provide quantitative
school performance measures (e.g. a school value-added score) that can be
used to develop, monitor and evaluate schools and other aspects of the
education system. In this sense, implementing a system of value-added
modelling should be viewed as a means to an end rather than an end in itself.
How value-added measures are used shall differ between education systems
and these differences should inform decisions and actions undertaken in the
development of a system of value-added modelling. Therefore, the
development process should be shaped by the intended use and application
of schools’ value-added scores to achieve specified policy objectives.

Three broad policy objectives are identified in this report that can
benefit from the use of value-added modelling: school improvement
initiatives; school accountability; and school choice. The effectiveness of the
use of performance data in decision-making concerning these policy
objectives relies on the accuracy of the performance measures used.
However, the growth of data-based decision-making to advance policy
objectives has been stymied by the lack of accurate school performance data
that is essential for educational improvements (Raudenbush, 2004; Vignoles
et al., 2000). Raw test scores provide measures of student performance but
there are clear problems with drawing inferences from these data about
school performance. Cross-sectional contextualised-attainment models take
into account contextual characteristics such as student background but are
less useful in isolating the effects of individual schools upon students’
education. Value-added measures are a significant advance, providing an
accurate measure of school performance upon which to base decisions to
advance policy objectives and lift school performance. This report illustrates
how value-added information can be used for school improvement purposes,
for individual programmes and policies and in decision-making at the
system- and school-level.

For all school improvement initiatives it is important to recognise that
improvement in a given activity or set of activities first requires an accurate
evaluation of the current situation that, in turn, requires an accurate measure
of performance (Sammons et al., 1994). It is difficult to effectively develop
programs for the future if it is not possible to accurately analyse the current
situation. At the system level, value-added information can be used to
determine the areas of the education system and schools that are adding the
most value and those areas in which further improvement is required. At the
school level, the subjects, grades and groups of students can be identified
where the school is adding most value and where improvement is needed. In
this sense, value-added scores and information are most valuable if they not
only document the current status of schools but also generate information
that can support continuous school improvement. Statistical analyses of the
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relations between school inputs and indicators of school performance can
suggest which strategies are and are not working, leading to policy
adjustments and the reallocation of resources.

Value-added modelling can also be used to create projections of school
performance that can assist in planning, resource allocation and decision-
making. Projections can be used to identify future outcomes, for example,
providing estimates if current performance trajectories were to continue, and
also to set performance targets. Such targets can inform decision-making at
the school level of how best to utilise resources and structure the education
offered to meet specified performance targets (Hill et al., 2005; Doran and
Izumi, 2004). Combined with additional information collected within
schools, the projections of future student performance based on value-added
estimates provide a comprehensive picture of a school’s performance.
School personnel then have at their disposal an information base that can
serve as a foundation for planning and action.

Systems of school accountability can benefit greatly from the use of
value-added modelling. Systems of accountability identify which entities are
accountable to which bodies for specific practices or outputs (McKewen,
1995). Such systems might provide information to the general public:
taxpayers might be informed as to whether tax money is used efficiently,
and users might be able to choose educational institutions on a more
informed basis. Yet the key issue remains whether the assessment of
processes and of performance is accurate and fair to individual schools. This
report illustrates that value-added modelling provides a more accurate, and
therefore fairer, measure of school performance (as measured by increases
in student performance) that can also be used to improve the evaluation of
school processes. The results of value-added modelling (i.e. schools’ value-
added scores) provide measures of the extent to which schools have
succeeded in lifting student performance. When used in systems of school
accountability, these measures can be used effectively in school evaluations,
with fairer consequences for schools and school personnel.

School choice is the third key policy objective discussed in this report
that benefits from the use of value-added modelling. This data is intended to
inform parents and families of the performance of different schools to aid
their decision-making in choosing their school. This requires publishing the
data on school results (Gorard, Fitz, and Taylor, 2001). While this does not
occur in all countries, it is a growing trend among OECD member countries
(OECD, 2007a). As is discussed in Part I of this report, there are numerous
benefits from improved levels of school choice within an education system.
Parents are able to choose schools that are better suited to their needs and
resources can then flow to those schools best meeting those needs (Hoxby,
2003). However, such benefits depend upon an accurate measure of school
performance, otherwise families’ choices are misinformed and resources are
misallocated. The greater accuracy of value-added modelling is essential to
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the effectiveness of a system of school choice. It allows parents a more
accurate measure of school performance upon which to base their decisions
and allows schools a fairer opportunity to improve their performance.

The policy considerations and political issues surrounding systems of
value-added modelling can differ. Given such differences, it can be
beneficial to structure the development and implementation of a system of
value-added modelling to suit the prescribed policy objectives. The use of
value-added modelling to advance specific policy objectives is discussed in
Part I of this report and are also detailed in Part III that deals with
implementation issues.

The greater accuracy inherent in value-added modelling creates greater
confidence in the use of performance measures to further the three policy
objectives outlined above. The greater confidence stems from the
improvements made in this modelling over time and the advantages
compared to other methods of estimating school performance. The modern
era of ‘school effects’ research began, at least in the USA, with the so-called
Coleman Report that studied the relationships of schools and families to
student academic attainment (Coleman, 1966). This complemented a
number of European studies that looked at issues of inequality in terms of
intergenerational analyses that compared outcomes over generations
(Carlsson, 1958; Glass, 1954). Subsequent school effectiveness studies also
carried out quantitative comparisons of schools. In the initial phase, high-
achieving schools were identified by comparing the average test scores of
the students. The next step for researchers was often to select a small
number of such schools for further analysis with the hope of identifying the
elements of their practice that were responsible for their success. The
ultimate goal was to disseminate the findings in order to effect broader
school improvement. Early work in this area is reviewed in Madaus,
Airasian and Kellaghan (1980).

It was recognised early on that school rankings based on students’ ‘raw’
test score were highly correlated with their students’ socio-economic status
(McCall, Kingsbury and Olson, 2004). Bethell (2005), for example,
discusses some of the controversies arising from the use of tables comparing
raw test scores in England. Multivariate cross-sectional analyses have been
used to try and overcome these problems. In the simplest version of these
analyses, school average test scores were regressed on a number of
(aggregate) relevant demographic characteristics of the schools’ students.
The idea was to rank schools on the basis of their residuals from the
regression. These residuals were often termed ‘school effects’. Schools with
large positive residuals were considered to be exemplary and worthy of
further study. Schools with large negative residuals were considered to be
problematic and also requiring further study, although for different reasons.
Alternative adjustment strategies have been proposed and the resulting
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differences in school rankings compared (Dyer, Linn and Patton, 1969;
Burstein, 1980).

More sophisticated cross-sectional models have subsequently gained in
popularity and use with methods that take into account the hierarchical
structure of school systems, with students nested within classes, classes
nested within schools and schools nested within districts/local areas (Aitkin
and Longford, 1986; Goldstein, 1986; Willms and Raudenbush, 1989). The
estimates provided by these models have grown in sophistication and have
been commonly used in education analyses across OECD member countries.
These cross-sectional estimations have been categorised in this report as
contextualised attainment models. These multivariate models can be used to
provide a measure of school performance but it was considered that such
analyses did not contain the required analytic framework to be classified as
value-added models. Contextualised attainment models estimate the
magnitude of contributing factors to student performance or attainment at a
particular point in time. A typical example is a regression model that
regresses a vector of students’ socio-economic backgrounds or contextual
characteristics and a variable identifying the school each student attends
against some achievement measure. The adjustment to raw scores made with
the inclusion of contextual characteristics provides measures that better
reflect the contribution of schools to student learning than the use of ‘raw’
test scores to measure school performance. The results of these cross-
sectional models build upon theoretical analyses of the role of the family in
shaping people’s socio-economic outcomes and often find that the main
contributor to the level of student attainment is parental socio-economic
background (OECD, 2007b; Haveman and Wolfe, 1995; Becker, 1964).
Information on the role of student socio-economic background in
educational attainment, while interesting and important, often does not yield
sufficient information to enable policy makers to make decisions on school
accountability and school choice and to drive school improvement reforms.
Nevertheless, these contextualised attainment models are a clear
improvement on the use of unadjusted results and raw attainment scores to
assess school performance.

A significant advance was made with the development of value-added
modelling that utilised multiple measures of student performance to estimate
the impact (or value-adding) of individual schools upon those student
performance measures. An important assessment of value-added modelling
was provided by Fitz-Gibbon (1997) who was asked to advise the British
Government on the development of a system of value-added modelling.
Fitz-Gibbon concluded that such a model could be the basis for a
statistically valid and readily understood national value-added system.
Value-added models employ data that tracks the test score trajectories of
individual students in one or more subjects over one or more years
(Mortimer et al., 1988; Goldstein et al., 1993; SCAA, 1994; Sanders, Saxton
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and Horn, 1997; Webster and Mendro, 1997; Rowan, Correnti and Miller,
2002; Ponisciak and Bryk, 2005; Choi and Seltzer, 2005; McCaffrey et al.,
2004; McCaffrey et al., 2003; McCaffrey et al., 2005). Through various
kinds of adjustments, student growth data is transformed into indicators of
school value-added. Examples are discussed of the main types of value-
added models in Chapter Five of this report.

Value-added models are a substantial improvement on many current
measures of school performance. Comparisons of raw test scores provide
some important information but are poor measures of school performance.
They fail to take account of prior achievement levels and produce results
that can largely reflect differences in contextual characteristics such as
students’ socio-economic background. Contextualised attainment models try
to address these problems by measuring the impact of contextual
characteristics upon a specific performance measure but are less useful in
disentangling school effects upon student progress from other contextual
characteristics and are therefore less useful in measuring school
performance. Value-added models attempt to overcome these problems by
incorporating student prior attainment measures and, in some cases,
contextual characteristics. This enables a more refined analysis of progress
in student performance that is more effective in disentangling the effects of
various factors that affect student progress. These advantages allow for
greater accuracy in measuring performance which then creates greater
confidence in the interpretation of school performance measures.

In summary, this report argues that value-added modelling contributes to
system-wide learning by accurately measuring higher and lower performing
aspects of the education system; to school improvement through improved
identification and analysis of ‘what works’; to improved and more equitable
transparent systems of school accountability and school choice that can then
create well-defined incentives for schools to improve their performance; to
the development of information systems that allow schools to analyse and
evaluate their performance and strengthen the overall system of school
evaluation; to systems of education funding that more effectively direct
resources to areas of need; and, to overcoming entrenched socioeconomic
inequalities that exist in societies that might be masked at the school level
by indiscriminate and inaccurate performance measures.

Value-added modelling: A definition

Given the advantages of using value-added modelling, it is essential that
this report distinguishes value-added modelling from other statistical
approaches. Across participating countries there has been a large variation in
the use of value-added modelling and statistical analyses to analyse school
performance. Such variation increases the importance of defining both
‘value-added’ and ‘value-added modelling’ to clearly differentiate them
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from other types of statistical analyses. In this report, the value-added
contribution of a school is defined as:

the contribution of a school to students’ progress towards stated or
prescribed education objectives (e.g. cognitive achievement). The
contribution is net of other factors that contribute to students’
educational progress.

From this definition of value-added it was possible to define value-added
modelling as:

a class of statistical models that estimate the contributions of
schools to student progress in stated or prescribed education
objectives (e.g. cognitive achievement) measured at at least two
points in time.

Particular value-added models might utilise a narrower definition of the
estimation of school performance but this general definition can be applied
to a variety of value-added specifications while still clearly delineating
value-added modelling from other types of statistical analyses. Statistical
analyses that have been undertaken in a number of countries to monitor
school performance would not be considered to be value-added modelling
using these definitions. Such analyses often did not include at least two
measures of student performance that can be considered to be the basis of
value-added modelling. These analyses have been defined in this report as
contextualised attainment models. It was considered appropriate not to try to
expand the definition of value-added modelling to fit the performance
measures used in each participating country as it would decrease the
effectiveness of the analysis.

A distinguishing feature of value-added modelling is the inclusion of
prior performance measures that allow a more accurate estimation of the
contribution of the school to student progress. Doran & Izumi (2004)
emphasised the advantages of value-added modelling in tracking students
over time compared to cross-sectional (or contextualised attainment) models
that provide a ‘snapshot’ picture of student performance. Value-added
modelling facilitates more detailed analysis of school improvement by
estimating the contribution of the school to improvements in student
performance over a given time period. Additionally, value-added models are
able to better account for unobserved factors contributing to the initial
performance measure, such as student ability that are a systemic problem in
much contextualised attainment modelling (Raudenbush, 2004).

The inclusion of a prior performance measure allows a school’s value-
added to be estimated. The value-added should be interpreted as the
contribution of the school to student performance between the two
performance measures. This is an important issue as it is possible to employ
different student assessments at different time intervals. Such differences
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need to be recognised in interpretation of the contribution of individual
schools (i.e. a school’s value-added score). A key distinction is the subject
matter of the student assessments as the school’s value-added is being
estimated only on the subject matter included in the assessments (this is
discussed further in Chapter one). A further consideration is the timing of
the assessments. A number of value-added estimations estimate the
contribution of the school in a given year. However, a number of education
systems do not have annual assessments or a structure of assessments that
would permit the estimation of a single year value-added score. This is not
to say that value-added cannot be estimated over a multiple-year timeframe.
On the contrary, such estimations are made in a number of education
systems. But it is important to recognise that these differ from single year
value-added scores so that in discussion of schools’ value-added scores it is
made clear the subject matter and the time-span in which value-added is
measured.

The importance of multiple attainment measures raises the issue of what
should be considered an appropriate prior performance measure upon which
to measure progress. There is considerable debate about the comparability of
test scores and the conversion of scores into meaningful and comparable
scales (Braun, 2000; Dorans et al., 2007; Patz, 2007; Kolen and Brennan,
2004). Of course, many value-added models do not actually require that the
test scores be vertically scaled. They simply require that scores in successive
grades be approximately linearly related and, in most cases, that is a
reasonable measure (Doran and Cohen, 2005). This report does not discuss
the development of student assessment instruments themselves: a review of
the considerable literature analysing assessment issues is outside the scope
of this report. However, the definition of value-added used in this report
focuses on progress in stated or prescribed education objectives (e.g.
cognitive achievement). This precludes some contextualised attainment
models that include intelligence measures such as IQ scores that might be
considered to be a measure of general ability but are less suitable as a
measure of prior attainment upon which to measure progress. In discussion
of schools’ value-added scores it should always be clear what the prior and
current attainment measures and test scores actually represent and how they
should therefore affect policy actions and schools.

Even with the greater accuracy obtained with the use of value-added
modelling, there remain some difficulties in measuring school performance.
The interpretation of schools’ value-added scores should include various
caveats and cautions for correct interpretation. These issues are discussed in
Part II of this report. While this discussion seeks to illustrate the various
measurement issues in designing and utilising value-added modelling, it is
not the intention to negate their considerable potential. To the contrary,
accurate value-added estimations have great potential for use in policy
development and school improvement initiatives and are a substantial
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improvement on alternative measures. For example, Chapter Six discusses
the statistical and methodological issues that must be addressed in the
development and use of value-added modelling. These issues are highlighted
not to deter the use of value-added modelling in education systems but to
encourage their effective development in advancing specified policy
objectives. In fact, a key reason why the use of value-added modelling is
encouraged is that these statistical and methodological issues often create far
greater problems of misspecification with other statistical approaches and
school performance measures. These alternative approaches normally
provide less accurate measures of school performance and are therefore less
useful for effective system and school development. The attention given in
this report to statistical and methodological issues is thus done to emphasise
the need to develop and provide accurate value-added measures of school
performance to both inform policy development and school improvement
initiatives and to gain the confidence of stakeholders.

Format of this report

This report is divided into three parts that might be suitable to slightly
different audiences. Part I discusses the objectives and use of value-added
modelling. This includes a discussion of the policy objectives (discussed in
Chapter One) that can be advanced with value-added modelling. Linked to
this issue is a discussion of how value-added information and school scores
can be presented to different stakeholders, distinguishing between the
presentation of value-added information for internal purposes, for public
consumption, and presentation in the media. A number of examples are
provided of effective presentation methods in countries in Chapter Two. The
discussion of the presentation of value-added information for internal
purposes focuses upon the application of value-added for modelling for school
improvement purposes in Chapter Three. Central to this discussion is how the
information can play a key role in fostering data-based decision-making in
schools that utilise accurate performance measures to develop and monitor
school improvement initiatives. This discussion views schools as learning
organisations that undertake and benefit from analysis of different aspects of
school and student performance. Focus is given to the targeted use of value-
added modelling for: specific sub-groups of the student population and
specific aspects of schools; setting performance targets and performance
projections; identifying students in need of special assistance and early
interventions; and, improving the overall system of school evaluations.

Part II discusses the design of value-added models and focuses upon the
technical aspects of value-added modelling. Chapter Four discusses key
design considerations in developing a system of value-added modelling and
identifies the key issues that need to be addressed. Examples of the main
types of value-added models are presented in Chapter Five to provide some
tangible examples and to illustrate their various requirements, and how they
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might be adapted to particular settings. Chapter Six discusses the key
statistical and methodological considerations in the development of value-
added modelling. These are emphasised in order to assist in the
identification of the key criteria with which to choose a preferred value-
added model(s) in an education system. A number of issues are presented
with supporting analysis from participating countries discussed to highlight
the steps that can be taken in choosing the appropriate value-added model.
The point is made that a key aspect of this issue for administrators is to
decide upon what is the most appropriate model to meet the objectives and
planned use of value-added modelling.

Part III discusses the implementation of systems of value-added
modelling in education systems. This discussion provides policy makers and
administrators with guidance on how to implement a system that best meets
their needs. Again, the experiences from participating countries are drawn
upon to illustrate the key issues and potential strategies that can be
employed. Chapter Seven focuses upon the initial steps that need to be taken
in the development of the system leading up to, and including, the pilot
phase of implementation. Chapter Eight discusses the ongoing development,
with considerable attention given to the development of a communication
and stakeholder engagement policy. This engagement policy should
accompany the introduction of a system of value-added modelling and
include training for pertinent users. The actions and consequences for school
principals, teachers and other stakeholders will need to be clearly articulated
to not only build confidence in a new system but also to assuage fears of the
introduction of a system that can be perceived as potentially lacking in
fairness and transparency. Specific strategies will need to be developed that
explain the system and educate stakeholders in how value-added scores are
calculated and how they will be used. As is illustrated in Part III, successful
strategies have been developed that highlight the benefits of value-added
modelling compared with other performance measures. In a number of
countries, stakeholders have welcomed the development and use of value-
added modelling: its greater accuracy provides a fairer measure of school
performance that creates more equitable systems of school accountability
and school choice and fosters more accurate and therefore effective school
improvement initiatives.

Also included is a discussion of the main steps that need to be
undertaken in the implementation of a system of value-added modelling.
The discussion of these steps is not meant to provide an exhaustive list of all
activities that need to be undertaken but should assist policy makers and
administrators who hope to gain a quick understanding of the process
required in the implementation of a system of value-added modelling. This
is presented as a small separate section at the end of Part I to emphasise the
importance of implementation issues and their connection to specific policy
objectives and uses of value-added modelling.
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