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Recently published results from the PISA 2006 Report show the existen-
ce of significant differences in performance scores among students from
different Spanish regions participating in this evaluation. The aim of this
paper is to use the information provided by this dataset in order to iden-
tify the causes of those divergences after controlling for educational in-
puts and environmental variables. For this purpose, we explicitly consi-
der that education is a multi-input multi-output production process
subject to inefficient behaviours, which can be identified at student level
using a parametric stochastic distance function approach. Our findings
suggest that La Rioja and Castile-Leon are the most efficient regions in
Spain while Andalusia, Catalonia and the group composed of the regions
that do not participate in the PISA with an extended sample are the
worst. In addition, we conclude that most divergences in efficiency are
attributable to students who are immigrants or repeating some course. In
contrast, other factors such as class size or the type of school ownership
do not seem to account for differences in students’ performance.
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O
ne of the main goals in the field of the economics of education is to define the
relationship between school inputs, student background and achievement at
school. However, after five decades of research, the evidence found is still not
solid enough, especially regarding the role of school inputs [Cohn and Geske
(1990), Hedges et al. (1994), Hanushek (1997, 2003)]. This implies a serious
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drawback for policy-makers taking decisions about the allocation of public resources
devoted to enhancing the accumulation of human quality.

What we actually know is that education is a highly complex process with
variables such as organization or non-monetary inputs implied in production
[Vandenberghe (1999)], which make it extraordinarily difficult to define a general
educational production function that accurately includes all the relevant factors.
Furthermore, it should be taken into account that there may be inefficient behav-
iours in the learning process which may be due to multiple reasons such as the
way in which resources are organized and managed, the motivation of the agents
involved in the process or the structure of the educational system itself [Nechyva
(2000), Woessman (2001)].

In order to tackle the efficiency issue in education, many studies use deter-
ministic nonparametric data envelopment analysis in empirical evaluations. Pio-
neer studies applying data envelopment analysis in education originate with
Bessent and Bessent (1980), Charnes, Cooper and Rhodes (1981) and Bessent et
al. (1982)1. Other studies have considered parametric methodologies, mainly using
the Cobb-Douglas specifications, but also the translog functional form proposed by
Christensen, Jorgenson and Lau (1971). These studies have included Jiménez
(1986), Callan and Santerre (1990), Gyimah-Brempong and Gyapong (1992),
Deller and Rudnicki (1993), Grosskopf et al. (1997) and Perelman and Santín
(2008). The main advantage of the parametric translog function is its highly flexi-
ble nature, which allows the study of second order interactions in the production
process as well as allowing the calculus of output-input partial derivatives. Never-
theless it is worth noting that most of the applied work developed around this issue
is conducted using the school as the Decision Making Unit (DMU). However,
Summers and Wolfe (1977) and Figlio (1999) used student-level data in their
econometric studies; both concluded that the student level is more appropriate than
higher levels of aggregation. Their findings show that school inputs matter but that
their impact on different types of student varies considerably. In addition to this,
Hanushek, Rivkin and Taylor (1996) conclude that, in the econometric estimation
of the educational production function, data aggregation at school, district or even
country level implies an upwards bias of estimated school resource effects.

In this paper we propose the use of a parametric stochastic distance function
at student level. Under this specification, we explicitly consider that education is
a process in which students use their own and school inputs in order to transform
them into academic results, subject to inefficient behaviours that can be identified
at both student and school levels. Moreover, parametric stochastic distance func-
tions allow us to deal simultaneously with multiple outputs (e.g. math, reading
and science test scores) and multiple inputs (including school inputs, student
background and peer-group characteristics) within a stochastic framework. We
adopt a translog specification to estimate the parametric stochastic distance func-
tion at the student level. This allows us to calculate several aspects of educational
technology, mainly output elasticities with respect to inputs and outputs. More-
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(1) For an empirical survey of frontier efficiency techniques in education, see Worthington (2001).



over, we employ the methodology proposed by Battese and Coelli (1995) to find
out the main driving factors for explaining educational inefficiency.

In order to illustrate the potentialities of the approach proposed here, we pro-
vide an application to Spanish educational data from the Programme for Interna-
tional Student Assessment (PISA), implemented in 2006 by the Organization for
Economic Cooperation and Development (OECD). Through this initiative, the
cognitive skills of students around the world are measured with the aim of identi-
fying potential causes of school failure and serving as a basis for educational poli-
cy. The study was first developed in 2000 and it has been carried out every three
years with a regular increase in the number of participating schools and countries.
The PISA 2006 data base comprises information about over 400,000 students be-
longing to 57 countries of which 30 countries belong to the OECD.

This database includes a wide variety of background information on the stu-
dents collected through individual questionnaires. Most of this information refers to
the students’ family background and learning strategies. In addition, the study also
conducted interviews with the principals of the respective schools in order to collect
information on the school resources, the number of teachers in the school, the re-
sponsibility of the school regarding school relevant decisions or the principles of se-
lecting students and so on (for an extensive review see OECD, 2007 and 2009).

This great volume of data offers an exciting framework to analyze and iden-
tify the potential influence of different variables on results. Although we restrict
our analysis to the Spanish case, in 2006, ten Spanish regions decided to take part
in the evaluation with an extended representative sample of their population. In
Spain, the decision about the quantity of the educational budget and its allocation
is the competency of the regions. For this reason, this analysis allows us to evalu-
ate potential efficiency divergences among regions within the same country.

As we mentioned before, the possibility of using information at student level
for measuring efficiency has one great advantage over most of the studies com-
pleted within the educational context [Waldo (2007)], which usually use aggre-
gate data at country [Alfonso and St. Aubyn (2006)], district [McCarty and Yai-
sawarng (1993), Banker et al. (2004)] or school level [Muñiz (2002), Cordero et
al. (2008)]. In addition to facilitating the analysis and interpretation of the results
from estimations [Summers and Wolfe (1977), Hanushek et al. (1996)], it pro-
vides information on students’ efficiency independently of either the educational
system or school efficiency. Furthermore, the measurement of efficiency at stu-
dent level allows us to separately consider the students’ own and their school-
mates’ socioeconomic levels, two inputs which cannot be simultaneously includ-
ed with aggregated data [Santín (2006)].

The paper is organized as follows. Section 1 provides an overview of educa-
tional production functions and presents the parametric stochastic distance func-
tion and our estimation strategy. In Section 2, the data set and variables selected
are described. Section 3 provides results and a discussion of our empirical analy-
sis and the final section offers some conclusions.
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1. EDUCATION AND EFFICIENCY MEASUREMENT WITH A PARAMETRIC

DISTANCE FUNCTION

1.1. Estimating an educational production function through distance functions
The attempts to estimate educational production functions are based on the

analogy between this sector and an industry. In the latter, the firms produce different
outputs using inputs such as labour and capital which are transformed according to
the existing technology into commodities and/or services. In education, schools pro-
duce educational outputs in the form of student achievement and other valued results
using facilities, equipment, teachers, students’ own characteristics, peer-group inter-
actions, supervisors and administrators. This relationship can be defined with a basic
formulation expressed in the following way [Levin (1974), Hanushek (1986)]:

Ais = f (Bis, Sis, Pis, Iis) [1]

where Ais represents the achievement of student i at school s, usually represented
by the results obtained in standardized tests. This output vector depends on a set
of factors represented by socioeconomic background (Bis), mainly family charac-
teristics, school inputs (Sis) such as educational material, teachers or infrastruc-
tures in the school, influence of classmates or peer-group effect (Pis), and the stu-
dents’ innate abilities (Iis).

This function can be estimated statistically using a multivariate regression
model. A further refinement of the educational production function would be to
construct a frontier production function where only those units that maximize
their results according to their resources are placed within the boundary. In this
case, instead of using simple econometric analysis to estimate equation [1], more
sophisticated methods are required. Following Perelman and Santín (2008), in
this paper we use parametric stochastic distance functions at student level in order
to analyse production functions in education in greater depth. For this purpose,
equation [1] becomes:

Dis = g (Ais, Bis, Sis, Pis) Iis [2]

where g represents the best practice technology used in the transformation of edu-
cational inputs to outputs, and Dis is the distance that separates each student i at-
tending school s from the technological boundary. Unobservable innate student
abilities, Iis, are assumed to be randomly normally distributed2 in the population
and to influence individual performance in a multiplicative way. This simple
transformation places the empirical estimation of equation [2] within the frame-
work of parametric stochastic frontier analysis, which, under specific distribution-
al assumptions, allows the disentangling of educational inputs, random effects and
efficiency (distance to the production frontier).
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(2) The scoring of modern IQ tests such as the Wechsler Adult Intelligence Scale [Wechsler (2008)],
the primary clinical instrument used to measure adult and adolescent intelligence, is now based on a
projection of the subject’s measured rank on the normal distribution with a central value (average IQ)
of 100, and a standard deviation of 15, although not all IQ tests adhere to this standard deviation.



1.2. The parametric stochastic distance function
Defining a vector of inputs x = (x1, x2, ..., xK) ∈ ℜK+ and a vector of outputs y

= (y1, y2, ..., yM) ∈ ℜM+, a feasible multi-input multi-output production technology
can be defined using the output possibility set P(x), which represents the set of all
outputs, y ∈ ℜK+, that can be produced using the input vector, x ∈ ℜK+. That is,
P(x) = {(x, y): x can produce y} and we assume that the technology satisfies the
set of microeconomic axioms listed in Fare and Primont (1995) including strong
disposability, convexity, closedness and boundedness.

In order to capture efficiency behaviours, the output distance function, intro-
duced by Shephard (1970), can be defined in the output set, P(x), as Do(x, y) =
min{θ : θ > 0, (x, y / θ) ∈ P(x)}. As noted in Fare and Primont (1995), Do(x, y) is
non-decreasing, positively linearly homogeneous and convex in y and non-in-
creasing and quasi-convex in x. The distance function, Do(x, y), will take a value
that is less than or equal to one if the output vector, y, is an element of the feasible
production set, P(x). Then, if Do(x, y) ≤ 1, the mix (x, y) belongs to the production
set P(x) and only when Do(x, y) = 1 is the output vector, y, located on the bound-
ary of the output possibility set3.

Figure 1 illustrates these concepts in a simple two-output one-input setting.
Let us assume that the DMUs A, B, C and D have an equal input endowment to
produce outputs y1 and y2. Then B and C are efficient because both lie on the
boundary of the output possibility set, whereas D and A, as interior points, are in-
efficient. The measurement of the relative inefficiency of A and D is given by the
distance function θA = OA / OB and θD = OD / OC.

Our analysis is focused on an output distance function in order to reach our
aim of evaluating the behavior of a group of students seeking to obtain the best
possible academic results. The definition of the distance function in the educa-
tional context is how the achievement vector may be proportionally increased
subject to a fixed input vector.

In our study, we assume a translog functional form to estimate the distance
function with some properties such as flexibility, ease of calculation and homogene-
ity of degree +1 behavior4. This form has been used previously in other studies such
as Lovell et al. (1994), Grosskopf et al. (1997) or Coelli and Perelman (1999, 2000).

The translog distance function for the case of M outputs and K inputs adopts
the following specification:
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(3) The distance function may be specified with either input or output orientation. So input distan-
ce function analysis could be defined in a similar way imposing an input orientation and given out-
put endowments.
(4) The Cobb Douglas form does not satisfy the concave imposition in the output dimension.

ln ( , ) ln ln lnD x y y y yois m mis
m

M

mn mis= + +
=

∑α α α0
1

1

2 nnis k kis
k

K

n

M

m

M

x+ +
===

∑∑∑ β ln
111

(i = 1, 2, ..., N), (s = 1, 2, ..., H)kl kisx xβ ln ln
1

2 llis
l

K

k

K

km kis mis
m

M

k

K

x y+
== ==
∑∑ ∑∑

11 11

γ ln ln

[3]



where sub-index i denotes the ith pupil in the sample belonging to the sth school,
K is the total number of inputs and M the total number of outputs. With the aim of
obtaining the frontier surface, we set Do(x, y) = 1, which implies that Do(x, y) = 0.
Furthermore, the parameters of the above distance function must satisfy some re-
strictions of symmetry

αmn = αnm ; m, n = 1, 2, …, M,

βkl = βlk ; k, l = 1, 2,…, K,

and homogeneity of degree +1 in outputs5. The analytical expressions of these re-
strictions are:
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Figure 1: OUTPUT POSSIBILITY SET P(X)

(5) The homogeneity restriction implies that the distance of the unit to the boundary of the pro-
duction set is measured by radial expansion.
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In order to impose the homogeneity of degree + 1 in outputs, we normalize
the output distance function arbitrarily by one of the outputs following Lovell et
al. (1994), being the expression:

Source: Own elaboration.



where:
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Rearranging terms, the function above can be rewritten as follows:

[7]− = −ln( ) ( , / , , , ) ln ( ,y TL x y y D x yMis is is Mis oisα β γ ))

Following Lovell et al. (1994), we can consider the unobservable term –ln
Dois(x, y) as a random error term, which is the radial distance from the boundary.
Then we can easily obtain the Battese and Coelli (1988) expression of the tradi-
tional stochastic frontier model proposed by Aigner, Lovell and Smith (1977) and
Meeusen and van den Broeck (1977) considering uis = –ln Dois(x, y) and adding
another term vis which captures noise:

[8]− = + =ln( ) ( , / , , , ) (y TL x y y uMis is is Mis is is iα β γ ε ε ss isv+ )

Notice that the term uis = –ln Dois(x, y) is a negative random term assumed to
be distributed as a semi-normal |N(0, σ2

u)| distribution and the term vis is assumed
to be a two-sided random (stochastic) disturbance designed to account for statisti-
cal noise and distributed iid v~ N(0, σ2

u). Both terms are independently distributed
σuv = 0.

In the context of education, three kinds of variables are considered: scores ob-
tained by students in standardized tests (outputs), one vector of educational vari-
ables indispensable for achievement (inputs), whose effect on results must be posi-
tive, i.e., a greater endowment of any of these variables must have positive impact
on results, and finally, a set of variables about which we need to know whether or
not they have influence on the educational process since it cannot be known a pri-
ori if their effect is positive, negative or inexistent (environmental variables).

Therefore, we opt for the Battese and Coelli (1995) model which proposes a
stochastic frontier model in which the inefficiency effects uis are expressed as an
explicit function of a vector of environmental variables z = (z1, z2, ..., z) ∈ ℜS

where:

uis = δ0 + zis δ [9]

δ is a vector of parameters that must be simultaneously estimated with the parameters
included in equation 8. To the best of our knowledge, this is the first time in the eco-
nomics of education literature that the Battese and Coelli (1995) model has been em-
ployed at student level considering the three sets of educational variables named
above. This model enables us to identify the sign of the effect of each environmental
variable and its influence on students’ levels of efficiency independently of the inputs.
We think this framework is appealing in terms of educational policy makers taking
decisions in order to get a better distribution and organization of public resources.



1.3. Variance decomposition
Given the purpose of the paper, our main concern is not only to obtain a pure

efficiency score for each pupil, net of inputs and environmental variables, but also
to identify the causes of the efficiency detected: school efficiency or the students’
own efficiency. Most empirical work concentrates on highlighting out only one agent
responsible for efficiency, school or student. Nevertheless, in real life, it is doubtful
to assume that efficiency is only caused by students (mean efficiency between
schools would be exactly the same) or by schools (mean efficiency within schools
would be equal and all efficiency variance would be explained by the mean efficien-
cy between schools). In this paper, we follow Perelman and Santín (2008) to decom-
pose student and school efficiency. We are especially interested in disentangling the
efficiency attributable to school management of educational resources, since this is a
factor in which the public sector can intervene through education policy.

After the estimation of the Battese and Coelli (1995) model depicted above,
the decomposition of estimated efficiency may be carried out through an analysis
of the variance of the term θ̂ is, where θ̂ is = ûis – uis. Following Perelman and San-
tín (2008), we assume that mean efficiency differences among schools are due to
efficiency attributable to schools (between) while differences among students in
the same school (within) are due to students’ own efficiency6. Hence, the decom-
position of the efficiency variance can be carried out as follows through a one-way
analysis of variance,
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(6) If the input and control variables depicted in Equations 8 and 9 control for the other determinants
of achievement (mainly the student’s background, school variables, peer group effect and other cha-
racteristics or environmental variables), then the remaining efficiency effect depends only on the stu-
dent and the school. Hence, we implicitly assume that (after controlling for xis and zis) the student’s
outcomes and efficiency are independent variables. However, it is worth noting that a possible selec-
tion bias could arise if students are not distributed over schools independently of their potential effi-
ciencies. This could happen if the most efficient students are concentrated in the most efficient scho-
ols or if the most efficient schools could select the most efficient students. What we assume in this
paper is that the xis and zis variables influence yis but are independently distributed for uis.

[10]ˆ ˆ ˆS S Su u B u Wis s i

2 2 2= +

Thus, efficiencies between schools (Ŝ
2
usB) include teachers’ characteristics

and motivation, the pedagogical methods employed, management strategies or the
relationship between parents and principals. On the other hand, efficiencies with-
in school (Ŝ

2
uiW

) are attributable to students’ dedication and effort. We expect effi-
ciency to be a mix of the two components.

1.4. Elasticity estimations
One advantage of the parametric distance function is that this technique al-

lows us to calculate the output and input elasticities which give us relevant infor-
mation about the effect of each input on each output. A peculiarity of translog dis-
tance functions is that the elasticity value is different in each observed unit, so it
is necessary to obtain the elasticity for each point. As is usual in educational stud-



ies, we analyse the distance function elasticity with respect to inputs and outputs
and the rate of change inputs and outputs. For these purposes, we use the follow-
ing expressions:
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Expressions of partial elasticities between output “m” and input “k”, which
indicate the variation in output “m” level with an increase in the input “k” propor-
tion, and the variation of one output “n” with respect to another “m”, which can
be interpreted as the extent that output “n” changes with an increase in output
“m”, are as follows:
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A positive sign in equation [12] means that an increase in input “k” produces
an increase in output “m”. The interpretation is the opposite for the case of a neg-
ative sign. In equation [13], a negative sign entails that an increase in output “m”
produces a decrease in output “n”, and the opposite in the case of a positive sign.

2. ANALISYS OF SPANISH RESULTS IN PISA 2006

2.1. Data
In our empirical analysis, we use Spanish data from PISA 2006 which pro-

vides us with data from 15 year-old students belonging to ten regions that decided
to take part in the evaluation with an extended representative sample of their pop-
ulation7 (Andalusia, Aragon, Asturias, Cantabria, Castile-Leon, Catalonia, Gali-
cia, La Rioja, Navarre, Basque Country) and a group labelled as ‘other regions’
made up of the seven remaining Spanish regions. It is worth noting here, that the

(7) In 2003, three regions took part in the evaluation (Castile-Leon, Catalonia and the Basque
Coun try). Perelman and Santín (2008) also analyse Spanish data from PISA 2003 but they do not
study regional differences in efficiency, which is very informative for the case of Spain since edu-
cation funding is totally decentralized.



Spanish Autonomous Communities (hereafter the regions) have been fully re-
sponsible for the management of educational resources in Spain since 2000.
Therefore, they should be the ones most interested in analysing PISA results as a
previous step to the application of more effective educational policies. To perform
this analysis, we have data about 19,605 students and 685 schools distributed
across eleven regions as shown in Table 1. Schools can be divided into three
groups according to the type of ownership: public (financed by the government),
private (government independent) and government dependent (private manage-
ment and financed by the government).
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Table 1: DISTRIBUTION OF STUDENTS AND SCHOOLS BY OWNERSHIP AND REGION

Region Students Schools Public Semi-Private Private

Andalusia 1,463 51 37 13 1
Aragon 1,526 51 31 16 4
Asturias 1,579 51 31 14 8
Cantabria 1,496 53 31 19 3
Castile-Leon 1,512 52 31 17 4
Catalonia 1,527 51 29 11 10
Galicia 1,573 51 36 11 6
La Rioja 1,333 51 22 20 3
Navarre 1,590 51 30 19 3
Basque Country 3,929 150 63 83 4
Other regions 2,077 74 44 20 10

Spain 19,605 685 385 243 57

Source: PISA 2006 Report for Spain.

One of the main advantages of the PISA study is that it does not evaluate
cognitive abilities or skills through one single score but each student receives a
score in each test within a continuous scale. In this way, PISA attempts to collect
the effect of particular external conditioning factors affecting the students during
the test. Furthermore, it also means that measurement error in education is not in-
dependent of the position of the student in the distribution of results. Precisely,
students with very low or high results have higher associated measurement errors
and higher asymmetry in error distribution.

Likewise, given that school factors, home and socioeconomic context play an
important role in students’ learning, PISA also collects an extensive dataset on these
variables through two questionnaires: one completed by the students themselves
and another one filled out by school principals. From these data, it is possible to ex-
tract a great amount of information referring to the main determining driver factors
of educational performance represented by variables associated with family and ed-
ucational environments as well as with school management and educational supply.



2.2. Variables
To perform the efficiency analysis, we use three sets of variables: outputs, in-

puts and environmental factors. As output indicators we have used test scores as is
usual in most studies in education. However, the selection of inputs and exogenous
variables can be complex and, in some cases, even confusing. Given that the litera-
ture does not provide an explicit rule to discriminate between them, in this study we
have based our decision on the following criteria. First, input variables must fulfil the
requirement of isotonicity (i.e., ceteris paribus, more input implies an equal or higher
level of output). Thus, the selected input variable should present a significant positive
correlation with the output vector in addition to having theoretical support in previ-
ous works. Second, input variables should be objective measures of educational re-
sources or subjective opinions that could be checked by an external auditor. Third
and finally, categorical and binary variables that divide the sample into different sub-
groups are considered as environmental factors to explain efficiency ex-post.

Outputs and plausible values
The true output as the result of an individual education is very difficult to mea-

sure empirically due to its inherent intangibility. Education does not consist only of
the ability to repeat information and answer questions, but also involves the skills to
interpret information and learn how to behave in society. Unfortunately, it is really
difficult to measure all of these factors. In spite of the multi-product nature of edu-
cation, most studies have used the results obtained in cognitive tests since they are
difficult to manipulate and respond to administration demands. But perhaps, as
Hoxby (2000) states, the most important reason could be that both policy makers
and parents use this criterion to evaluate educational output to choose the school for
their children and even their place of residence.

In this study we use the results obtained by students in the three competences
evaluated in PISA (mathematics, reading comprehension and sciences) as the vec-
tor of educational output. As has already been mentioned, PISA uses the concept
of plausible values to measure the performance of students, since measures in
these subjects have a wide margin of error due to the fact that the measuring con-
cept is abstract and is subject to the special circumstances of students and their
environment on the date of their exams. Moreover, questions about educational
knowledge may have different levels of difficulties and the measuring error is de-
pendent on the student’s position in the distribution of performance results. Stu-
dents with a very high result suffer higher measuring error and higher asymmetry
in their distribution than students with an average result. For this reason PISA
2006 used measures based on the Rasch model [Rasch (1960), Wright and Mas-
ters (1982)], which uses plausible values instead of working with a particular
mean value for each student’s knowledge. These values are random values ob-
tained from the distribution function of results estimated from the answers in each
test. They can be interpreted as a representation of the ability range of each stu-
dent8 [Wu and Adams (2002)].
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(8) For a review of plausible values literature, see Mislevy et al. (1992). For a concrete Studio of
Rasch model and how to obtain feasible values in PISA, see OECD (2005).



Table 2 reports the average value and standard deviation for plausible values
of the three tests (math, reading comprehension and sciences) in each region.
Plausible values in the three tests are used as outputs in the efficiency analysis. In
order to obtain correct results and avoid problems of bias in the estimations, it
will be necessary to calculate five different efficiency measures for each trio of
plausible values and take the mean value afterwards, instead of using mean values
to obtain one efficiency measure [OECD (2005)].

It is worth noting here that the standard deviation in the results offers addi-
tional information about the equity of the educational system. For example, al-
though La Rioja and Castile-Leon are the top performers in Spain, the results in
Castile-Leon, where the standard deviation is considerable lower than in La Rioja,
seem preferable from a public policy point of view. According to this reasoning
we can conclude that the distribution of the test scores is quite similar across all
the Spanish regions. Thus, it can be assumed that, in Spain, there is no clear trade-
off between high scores and equity.

Inputs

In order to carry out the distance function efficiency analysis, we have used
three different inputs that are directly involved with student learning (ESCS, SC-
MATEDU and PEER) together with a set of control variables. Table 3 presents a
brief description of each variable and Table 4 reports the main descriptive statis-
tics of inputs and environmental variables by regions.

Bis in Equation 2 represents the index of the school’s educational resources
(SCMATEDU). This variable was computed on the basis of seven items measur-
ing the school principal’s perceptions of potential factors hindering instruction at
school (science laboratory equipment, instructional materials, computers for in-
struction, internet connectivity, computer software for instruction, library materi-
als and audio-visual resources). The items were inverted for scaling so more posi-
tive values of this index indicate higher levels of educational resources9.

ESCS reflects the socio-economic background of each student. It is an index
of the economic, social and cultural status of students created by PISA analysts
from three variables related to family background from students’ questionnaire:
the index of highest level of parental education in number of years of education
according to the International Standard Classification of Education [ISCED,
OECD (1999)], the index of highest parental occupation status according to Inter-
national Socio-economic index of Occupational Status [ISEI, Ganzeboom et al.
(1992)] and the index of educational possessions at home. Finally, PEER incorpo-
rates information about the characteristics of students’ classmates10. This variable
is defined by the average of the ESCS variable of students that belong to the same
school of the evaluated individual.
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(9) This variable shows a significant and positive correlation with the three outputs.
(10) For a review of the effect of these variables on the results, see Betts and Shkolnik (2000) or
Hanushek et al. (2001).
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Table 2: PLAUSIBLE VALUES IN SCIENCES, MATH AND READING

Plausible Values Science

Sci_1 Sci_2 Sci_3 Sci_4 Sci_5

Andalusia mean 481.63 482.36 481.29 481.07 481.33
st-deviation (87.13) (86.66) (87.39) (89.70) (87.83)

Aragon mean 514.86 515.52 516.37 515.99 516.86
st-deviation (87.60) (87.29) (87.79) (87.50) (87.64)

Asturias mean 513.26 511.89 513.40 513.12 513.55
st-deviation (81.08) (82.46) (82.55) (82.14) (83.66)

Cantabria mean 514.46 514.17 513.43 514.16 513.86
st-deviation (84.05) (83.58) (84.26) (83.56) (85.35)

Castile-Leon mean 524.47 523.33 522.24 522.53 523.11
st-deviation (78.12) (79.06) (79.30) (80.00) (79.42)

Catalonia mean 493.71 494.60 496.02 494.47 495.33
st-deviation (89.46) (88.23) (90.52) (87.97) (88.01)

Galicia mean 506.45 507.37 507.29 507.17 507.26
st-deviation (87.33) (85.90) (85.66) (86.59) (86.65))

La Rioja mean 522.54 520.89 522.62 521.47 522.02
st-deviation (87.25) (88.63) (85.40) (87.36) (88.06)

Navarre mean 511.95 511.87 512.06 512.04 512.51
st-deviation (87.41) (87.06) (88.33) (88.72) (89.62)

Basque Country mean 497.62 498.22 497.38 497.34 498.32
st-deviation (81.80) (83.17) (83.18) (83.64) (82.97)

Other mean 490.69 491.18 490.69 489.26 491.70
Regions

st-deviation (90.40) (90.66) (91.00) (91.34) (90.19)

Total Spain mean 504.92 505.00 504.99 504.63 505.38
st-deviation 86.24 (86.37) (86.68) (86.99) (86.90)

Source: PISA 2006 Report for Spain.
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Table 2: PLAUSIBLE VALUES IN SCIENCES, MATH AND READING (continuation)

Plausible Values Math

Math_1 Math_2 Math_3 Math_4 Math_5

Andalusia mean 470.11 470.01 470.31 469.46 470.51
st-deviation (83.41) (84.11) (84.88) (85.34) (84.77)

Aragon mean 514.59 514.86 516.71 515.62 515.87
st-deviation (97.05) (96.56) (96.03) (96.04) (96.28))

Asturias mean 5501.45 500.45 502.31 501.15 502.60
st-deviation (80.75) (81.10) (80.81) (79.82) (81.83)

Cantabria mean 506.60 506.23 505.87 506.12 506.05
st-deviation (84.34) (83.79) (85.22) (83.65) (85.23)

Castile-Leon mean 519.91 519.41 518.99 517.80 518.65
st-deviation (81.21) (81.92) (81.36) (82.15) (81.59)

Catalonia mean 488.91 489.77 491.50 489.65 490.16
st-deviation (85.72) (85.80) (87.13) (85.82) (85.10)

Galicia mean 496.52 496.70 496.50 496.75 496.13
st-deviation (82.53) (82.19) (82.14) (82.75) (82.02)

La Rioja mean 526.59 526.31 526.69 525.66 526.83
st-deviation (87.02) (88.78) (84.97) (87.73) (87.13)

Navarre mean 517.06 519.43 518.88 519.02 519.09
st-deviation (88.38) (88.69) (88.80) (90.05) (90.96)

Basque Country mean 504.31 504.97 503.85 503.27 504.80
st-deviation (83.06) (83.72) (84.23) (84.80) (84.07)

Other mean 479.38 480.15 480.18 478.83 481.32
Regions

st-deviation (87.01) (86.86) (87.22) (87.71) (87.70)

Total Spain mean 501.80 502.13 502.27 501.51 502.43
st-deviation ¡(86.74) (87.02) (87.04) (87.37) (87.30)

Source: PISA 2006 Report for Spain.
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Table 2: PLAUSIBLE VALUES IN SCIENCES, MATH AND READING (continuation)

Plausible Values Reading

Read_1 Read_2 Read_3 Read_4 Read_5

Andalusia mean 452.41 453.72 451.72 451.88 452.13
st-deviation (85.86) (84.33) (85.02) (86.19) (85.48)

Aragon mean 484.89 485.11 485.78 485.11 485.00
st-deviation (86.90) (86.91) (86.12) (86.23) (86.31)

Asturias mean 482.51 481.39 483.00 482.17 481.56
st-deviation (80.52) (81.75) (81.92) (83.02) (82.56)

Cantabria mean 479.06 479.27 477.99 479.38 478.83
st-deviation (84.83) (83.78) (84.46) (83.99) (85.01)

Castile-Leon mean 481.39 480.72 480.14 479.71 481.07
st-deviation (74.26) (75.13) (74.80) (76.38) (75.04)

Catalonia mean 478.56 480.16 480.46 480.36 479.40
st-deviation (88.98) (88.30) (90.31) (87.95) (88.09)

Galicia mean 482.18 482.38 482.27 482.05 482.08
st-deviation (88.84) (88.82) (88.39) (88.29) (87.76)

La Rioja mean 496.11 494.37 495.51 494.82 494.55
st-deviation (82.14) (80.48) (80.76) (81.79) (82.63)

Navarre mean 482.04 481.80 481.72 480.99 481.80
st-deviation (79.03) (78.48) (77.89) (80.59) (79.38)

Basque Country mean 491.18 491.01 490.12 490.65 491.75
st-deviation (86.08) (87.65) (87.34) (86.98) (87.25)

Other mean 462.30 462.40 462.21 461.30 461.85
Regions

st-deviation (85.30) (86.52) (85.26) (86.05) (85.44)

Total Spain mean 480.24 480.21 479.98 479.83 480.10
st-deviation (85.07) (85.21) (85.20) (85.55) (85.38)

Source: PISA 2006 Report for Spain.



In addition to input variables, we have considered that other factors related to
the characteristics of schools and students may influence efficiency in education
(z´s variables). In particular, we have analyzed the effect of the following:

• School ownership. This variable has been included in the analysis in order to
test whether the public, government-dependent private or private schools have
some influence over students’ efficiency. Regarding this issue, in the literature
we can find evidence that supports the idea of better performance in private
schools [Chubb and Moe (1990), Sander (1996), Figlio and Stone (1997),
Neal (1997), McEwan (2001)] while others do not find enough evidence to
justify this superiority [Witte (1992), Goldhaber (1996), Vandenberghe and
Robin (2004), Mancebón and Muñiz (2007)]. In our case, we have included
this information using public schools as the reference. Two dummy variables
have been defined: PRIVATE, which takes the value one if the school is pri-
vate and zero otherwise, and GOVDEP, which takes the value one if the
school is government-dependent and zero otherwise.

• School size (SCHLSIZE): This variable indicates the total number of stu-
dents in the school. The influence of this variable in the educational process
has also been tested in previous studies where we can find some results
supporting that schools with more students have better results [Bradley and
Taylor (1998), Barnett et al. (2002)] but others that conclude that this fac-
tor does not affect the results [Hanushek and Luque (2003)].
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Table 3: VARIABLE DEFINITIONS

Variable Description

Inputs
SCMATEDU Index of the quality of the school’s educational resources
ESCS Index of economic, social and cultural status
PEER Average ESCS index of the student’s peer group

Z’s
PRIVATE Attending a private school (1 = yes; 0 = no)
GOVDEP Attending a government-dependent school (1 = yes; 0 = no)
ZCHLSIZE Number of students in school
STRATIO Weighted number of teachers divided by total number of students
REPEAT ONCE The student has repeated a shool year once (1 = yes; 0 = no)
REPEAT MORE The student has repeated a shool year more than once (1 = yes; 0 = no)
INMIGRANT 1 The student and at least one of the parents were born abroad
INMIGRANT 2 The student was born in Spain but at least one of the parents

was not
REGIONS Belong to a region (ten different dummy variables)

Source: PISA 2006 Report.



• Classroom size (STRATIO): This variable is the ratio between the total
number of students in the school (SCHLSIZE) and the total number of
teachers weighted according to their dedication (part-time teachers con-
tribute 0.5 and full-time teachers 1). This variable is usually considered a
school input in efficiency analysis because of the results of some studies in
which a direct relationship is found between reduced groups and higher
academic performance [Card and Krueger (1992), Hoxby (2000), Krueger
(2003)]. However, other studies conclude that this variable is not signifi-
cant [Hanushek (1997 and 2003), Pritchett and Filmer (1999)]. Given that
the linear correlation between this variable and the output is, contrary to
expectations, positive, we decided, in order to avoid potential bias in the
estimation, to consider this information as an environmental variable in the
efficiency analysis, instead of considering it as an input.

• Immigrant status. This factor, whose influence has received increasing atten-
tion in the literature in recent years [Gang and Zimmermann (2000), Entorf
and Minoiu (2005), Cortes (2006)], is especially interesting for Spain as a
consequence of the huge growth of the immigrant population of school age
during the last decade11. In view of this phenomenon, several studies have
recently studied the influence of this factor on the results of Spanish students
by using information provided by the PISA database [Calero and Escardibul
(2007), Zinovyeva et al. (2008)]. In our study, this factor has been included
through two dummy variables (INMIGRANT1 and INMIGRANT2) that
allow us to identify the first and second order (the student and his/her parents
were born abroad; the student was born in Spain but at least one of the par-
ents was born abroad) immigrant status.

• Repeat Once and Repeat More are two dummy variables that represent stu-
dents that have repeated one or more than one school year, respectively.
There is a vast literature on the effect of repetition on academic perfor-
mance and self-esteem with the majority of educational researchers con-
cluding that it is negative [Holmes (1989), Jimerson et al. (2002)]. This
phenomenon may be of great significance in the case of Spain, where the
repetition rate is much higher than in other countries in the OECD12. Obvi-
ously, it is expected that to be a repeater will result in a lower efficiency
index although our aim is to quantify this effect after controlling for the
different inputs and environmental factors considered.

• Regions. In order to test whether there are significant differences across re-
gions in terms of inefficiency, ten different dummy variables have been
constructed (one for each region with a representative sample), taking the
value one if the student belongs to a particular region and zero otherwise.
Each region is compared with the sample of students belonging to the
other regions.
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(11) According to official Spanish statistics captured by the MEC (2008), foreign students in non-
university education have grown from a total number of 72,335 in 1998 to 695,190 in 2008.
(12) In Spain, 40% of the students have repeated a school year at least once [Fuentes (2009)].
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3. RESULTS

In this section, we present the main results obtained in our analysis. We esti-
mate five output distance functions, one for each trio of plausible values, assum-
ing a stochastic translog technology to measure students’ efficiency in PISA 2006.
The first step is to impose a homogeneity condition by selecting students’ perfor-
mance in math (y1) as the dependent variable and the ratios (y2 / y1) and (y3 / y1)
as explanatory variables instead of y2 and y3 (students’ performance in reading
and sciences, respectively)13.

In order to facilitate the interpretation of the parameters, the original vari-
ables were transformed into deviations from the mean values, so first order para-
meters should be interpreted as the partial elasticity at mean values. Table 5
shows the results after averaging the five estimations.

Therefore, mathematics, reading and science parameters are all positive,
which means that efficiency increases when, ceteris paribus, the performance in
these subjects improves. The opposite happens with input coefficients, which are
all negative and significant, indicating that an input expansion leads to a reduction
in student efficiency keeping the output vector fixed. For this estimation, we con-
sider the model without separability between inputs and outputs because most of
the input-output cross-products coefficients are statistically significant. The aver-
age efficiency, computed as E[exp(–ui | ε)], is 0.82, indicating average student ef-
ficiency in Spain. The inputs and environmental variables in the model explain
about half of the total variance14.

The results derived from the analysis of z’s variables allow us to draw some
interesting conclusions. The first relevant idea is that class size has no effect on
inefficiency. In fact, we find weak, but significant at 90%, evidence that more stu-
dents per teacher provides better efficiency15. This result has strong implications
for the educational policies implemented by many Spanish regional governments
for reducing class size in schools.

The second piece of evidence is that variables related to course repetition
show a clear negative relation with efficiency scores, even higher when the stu-
dent has repeated more than one academic year16. This result is important from
the viewpoint of educational policy since it raises questions about the conve-
nience of repetition policies and their conditioning factors. There are multiple
school, family and individual characteristics associated with an increased likeli-
hood of repeating. For instance, simply repeating a grade is unlikely to address
the combination of factors that contribute to low achievement or socio-emotional
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(13) Following Lovell et al. (1994) homogeneity of degree +1 may be imposed if one arbitrary
output is chosen and setting w = 1 / yM, one obtains Do(x, y / yM) = Do(x, y) / yM.
(14) To compute the goodness of fit in the model we use Coelli and Perelman (2001).
(15) Calero and Escardibul (2007) also obtain this non expected result between class size and
PISA tests scores.
(16) Eide and Showalter (2001) and Corman (2003) obtained similar results using data from the
United States.
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adjustment problems. Therefore, it seems to be more reasonable to focus on early
intervention strategies, especially for students at risk of poor performance.

Thirdly, as we expected, the immigrant condition has a negative influence on
efficiency scores, although this relationship is only significant for first generation
immigrants, being non-significant for second-generation immigrants17. These re-
sults reveal the need to implement specific policies aimed at improving the acade-
mic performance of these students.

Fourthly, school ownership is not significant so it does not contribute to ex-
plaining the student efficiency. In other words, once school, student and environ-
mental variables are taken into account, we cannot conclude that ownership mat-
ters for explaining differences in efficiency. And finally, the students from all
regions (with the exception of Catalonia and Andalusia) perform better in terms
of efficiency than the students belonging to the sample of the other Spanish re-
gions. From our point of view, there is no clear pattern to explain these results.
Since 2000, the educational system in Spain has been totally decentralized to the
regional governments that decide, independently of the central government, the
amount of resources devoted to education. Efficiency analysis allows us to identi-
fy best performers in order to learn and apply their successful educational policies
in other regions. It seems that La Rioja, Castile-Leon, Galicia and Aragon are the
benchmark regions.

Once the initial efficiency analysis and the second stage analysis have been
carried out, we may go on to calculate the percentage of student inefficiency di-
rectly attributable to their schools once the effect of the exogenous variables has
been discounted. For this purpose and following Equation 10, we have completed
an analysis of variance of the results obtained at student level that allows us to
identify differences in the average efficiency of students belonging to different
schools (between-school variance), which can be attributed to school managerial
inefficiency, and the variance among students belonging to the same school (with-
in-school variance).

Results reported in Table 6 show that the most important proportion of inef-
ficiency detected depends on the student. Average school inefficiency is almost
13 percent, which denotes that school quality is quite uniform in Spain. Coincid-
ing with the comments made in Section 2.2, it again seems that Spain has a
strong equality of educational opportunities in terms of school choice. This
means that when parents are choosing a school for their children they should not
expect high efficiency differences among the schools considered. However,
some significant divergences among regions can be detected. Whereas Andalu-
sia, Galicia and Cantabria present a figure of around 8.5 percent, the Basque
Country has a school variance of 25 percent. The causes for this relatively high
value for the Basque Country can be found in higher levels of school choice and
a current process of yardstick competition since the proportion of government-
dependent schools in that region is the highest in the country.
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(17) This result may be conditioned by the low number of observations that have the value of one
in this variable, since in Spain there are few second order immigrants yet.



Finally, with regard to elasticity estimations, we only report inter-quartile
values for the sake of simplicity because we have an elasticity value for each stu-
dent as was discussed in Section 1.4. Table 7 reports the input-output elasticities.
It can be noticed that all the variables have a positive influence on scores, al-
though it is slight in the case of SCMATEDU. Furthermore, the variations in out-
puts over inputs are different depending on the discipline. On the one hand, the
median elasticity of the ESCS in reading is 0.42, 0.28 in Math and 0.41 in Sci-
ences. The average elasticity of PEER in mathematics, reading and sciences is
0.2689, 0.3784 and 0.3823, respectively. Again, an educational policy to avoid the
concentration of students with a low socioeconomic background may be more
productive than investing more in educational resources.

4. CONCLUSIONS

In this paper we have analyzed the differences in Spanish students’ results in
PISA 2006 through an educational frontier framework. We have implemented an
efficiency analysis using data at student level and considering information about
Spanish regions that participate in this study and school ownership in these re-
gions. To the best of our knowledge, this is the first paper that analyzes the results
of Spanish students in PISA 2006 using individual data and the Battese and Coelli
(1995) model.
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Table 6: VARIANCE ANALYSIS

Between Within Nº Observations

Region (school) (student) Schools Students F-test*

Andalusia 8.66 91.34 51 1,463 2.638
Aragon 11.48 88.52 51 1,526 3.806
Asturias 12.01 87.99 53 1,579 3.991
Cantabria 8.53 91.47 53 1,496 2.565
Castile-Leon 10.24 89.76 52 1,512 3.259
Catalonia 16.16 83.84 51 1,527 5.648
Galicia 8.57 91.43 53 1,537 2.728
La Rioja 13.34 86.66 45 1,333 4.502
Navarre 11.04 88.96 52 1,590 3.733
Basque Country 25.10 74.90 150 3,929 8.357
Other Regions 17.00 83.00 74 2,077 5.588

Mean 12.92 87.08 685 19,605

Source: Personal compilation based on PISA 2006 data for Spain.

*All F-test present statistical signification at 99%.



Because of the uncertain environment of the educational production function,
we apply a stochastic parametric distance function methodology to measure stu-
dents’ efficiency. Our results show that the divergences detected among regions
continue even when information about socioeconomic background, quality of re-
sources and peer effects are taken into account in the analysis.

The influence of exogenous variables on student efficiency shows that the
teacher-student ratio is not a significant variable for explaining students’ efficiency
results. This result entails strong implications for the educational policies imple-
mented by many Spanish regional governments to reduce class size in schools.
Moreover, the type of school does not seem to have an influence on the results ei-
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Table 7: OUTPUT/INPUT DERIVATES18

Math Inter-quartiles

25% 50% 75%

Output with respect to inputs

SCMATEDU 0.0153 0.0213 0.0303
ESCS 0.2338 0.2845 0.3976
PEER 0.1403 0.2689 0.4400

Reading Inter-quartiles

25% 50% 75%

Output with respect to inputs

SCMATEDU 0.0229 0.0299 0.0397
ESCS 0.3221 0.4216 0.5581
PEER 0.2228 0.3784 0.5584

Science Inter-quartiles

25% 50% 75%

Output with respect to inputs

SCMATEDU 0.0209 0.0313 0.0508
ESCS 0.2636 0.4101 0.6845
PEER 0.1897 0.3823 0.6811

Source: Personal compilation based on PISA 2006 data for Spain.

(18) The interpretation of elasticities refers to the mean values because the original variables were
transformed into deviations from to the mean values.



ther because, after considering the socioeconomic characteristics of school students,
private and goverment dependent schools obtain similar results to public ones.

In contrast, students repeating courses or those who were born in a foreign
country have worse results in terms of efficiency. These results reveal the need to
implement specific policies aimed at improving the academic performance of
these students, including hiring support teachers, improving teachers’ training to
cater for diversity and strengthening the role of social workers when it comes to
making parents aware of the importance of education. Likewise, school size or
belonging to a particular region, with the exception of Andalusia, Catalonia and
the rest of Spain, have a positive effect on the results, La Rioja and Castile-Leon
having the most efficient educational systems in Spain.

Furthermore, an important advantage of our study is the interpretation of out-
put and input elasticities. After carrying out this analysis, the results show that the
output-input elasticities are positive in all cases, although the school resources’
impact on the students’ scores in closed to zero, which shows there is no influence
of improving scholar resources over the mean students’ achievement. On the op-
posite, the socio-economic background and the peer-group effect present both of
them a positive and significant influence on the students’ scores. This result
claims for a deep revision of the actual system of assigning students into the pub-
lic-financed schools which is strongly based on the proximity to residence and
socio-economic level criteria.

To sum up, we consider our results have relevant implications for regional
educational policy, whose guidelines should be focus on enhancing the students’
effort and, even more, taking into account the scarce percentage of students’ re-
sult variance explained by the schools. Nevertheless, these conclusions should be
interpreted with caution since they are referred to cross-sectional data from a sin-
gle year.
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RESUMEN
La reciente publicación del Informe PISA 2006 pone de manifiesto dife-
rencias en el rendimiento educativo de los alumnos procedentes de las
diferentes regiones españolas participantes en dicho proyecto. El objeti-
vo de este artículo consiste en identificar las posibles causas de estas di-
vergencias una vez que controlemos el efecto de los inputs educativos y
de las variables ambientales. Para ello se estima una función distancia
estocástica, que nos permite incorporar un proceso educativo multi-input
y multi-output sujeto a comportamientos ineficientes a nivel del alumno.
Los resultados sugieren que La Rioja y Castilla-León son las regiones
más eficientes, mientras que, por el contrario, Andalucía, Cataluña y el
grupo formado por regiones sin muestra representativa en PISA son las
menos eficientes. No obstante, la mayor parte de la divergencia en efi-
ciencia se atribuye a los alumnos con determinadas características: inmi-
grantes y repetidores, fundamentalmente. Por otro lado, el tamaño de la
clase o la titularidad de la escuela no parecen determinar el resultado
académico de los alumnos.

Palabras clave: educación, eficiencia, función distancia.

Clasificación JEL: C14, H52, I21.
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