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Introduccion

La educacion constituye uno de los programas fuerdgates que dan contenido al
Estado del Bienestar caracteristico de las soogsdacdcidentales avanzadas. A su importancia
cuantitativa en los presupuestos de las Administnes Publicas afiade una mayor relevancia
por su contribucion a los dos objetivos basicodad&conomia Publica, la eficiencia y la

equidad.

El analisis de los resultados del sistema educadioha visto impulsado por la
proliferacion, en las uUltimas décadas, de evalmesidanto nacionales, por ejemplo el NAEP
(National Assessment of Educational ProgressEstados Unidos, como internacionales, entre
las que destacan TIMSSrénds in International Mathematics and SciencedBtulALS
(International Assessment of Literacy SujyeRIRLS Progress in International Reading

Literacy Studyy, especialmente, PIS&#fogramme for International Student Assessient

El interés de la OCDE por evaluar el rendimientadgmico en distintas materias de los
alumnos que finalizan la escolaridad obligatoriairf{ge afios) de manera comparada entre
algunos de sus paises miembros y otros asodjad@sdado lugar a los conocidos informes
PISA. La publicacién de sus resultados tiene eagdak paises una notable repercusién politica
que, en el caso de Espafia, se ve acentuada podé&sta posicion relativa que alcanza, inferior

a la media de OCDE y superada por la mayoria dedises de la Unién Europea.

Como el informe PISA es la base de datos que anilas en las partes aplicadas de la
investigacion parece conveniente que en esta imtoddh hagamos una descripcion vy
valoracion de ella aunque sea breve y generalrtedoien cuenta que los aspectos especificos

seran tratados en cada uno de los capitulos ermfude sus objetivos concretos.

Los informes PISA se llevan a cabo cada tres afmsenzaron en el afio 2000 y el
ultimo esté previsto realizarlo en el 2015. Pareehposible la comparacién, las pruebas no se
centran en contenidos curriculares sino en el diomile procesos, en la comprension de

conceptos y en la capacidad para desenvolversistértat situaciones.

Una cuestién importante es la posibilidad que efréc base de datos de que las
regiones participen con una muestra especificaliaappermitiendo con ello su comparacién

con otras regiones o paises. Esa opcion ha sidgovesdmas utilizada por las CCAA espafiolas

! El total de paises participantes fue de 32 en 2@00en 2003, 57 en 2006 y 65 en 2009 (33
pertenecientes a la OCDE y 32 asociados).
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Introduccion

pasando de tres evaluadas en 2003 a catorce ehy2869nuy interesante para paises como el
nuestro donde las CCAA tienen asignada la gest®mas politicas educativas. Contar con
informacion desagregada a nivel regional por umgepapor otra tener descentralizada buena
parte de la politica educativa a ese nivel, hacsalo posible sino conveniente y relevante

incorporar la dimension regional al analisis cormaodmos en esta tesis.

El output educativo en PISA estd representado por el resultzbtenido por los
alumnos en una prueba de conocimientos estandaré&zatectura, matematicas y ciencias (con
una atencion especial de una de las materias ea obghda). Se trata de wutput
multidimensional ampliamente respaldado por laditga especializada&lgischhauer 2007)
aunque también es cierto que deja fuera la dimens@ cognitiva del proceso educativo
(valores afectivos, comportamiento personal, debarsocial, etcétera) mucho mas dificil de
medir. Un aspecto interesante es que al alumno eseasighan varias puntuaciones
(concretamente cinco valores plausibles) extraidistoriamente de la distribucién de
resultados en los que se tiene en cuenta erroresedala derivados de factores fuera de su
control al realizar las pruebas. El indicador resuk utiliza como media de la OCDE un valor
de 500 (con una desviacion estandar de 100) yndeddes de puntuaciones que facilitan la

comparacion e interpretacion de los resultados.

En relacion a losputseducativos, hay dos cuestiones muy relevantes guecen ser
sefialadas de la base PISA. Por un lado, la infoémayue proporciona sobre las caracteristicas
socioecondmicas de los estudiantes, un factorchektgpor la literatura por su relevancia en los
resultados del proceso educativo. Por otro, akefrena informacion desagregada al nivel de
los alumnos, no solo permite mejorar las estimasail eliminar los problemas de agregacion
en unidades superiores (escuelas, por ejemBianiners y Wolf@977; Hanushekl997) sino
también considerar, de forma simultanea e indepeteli el nivel socioeconémico del alumno
del de los comparieros (efecto compafieros), ottosdfactores destacados en la literatura por

Sus consecuencias sobre los resultados académicos.

Las caracteristicas socioecondmicas de los estedias®e consiguen a partir de la
informacién obtenida de un cuestionario que coategts propios alumnos en el que, entre
otros, se ofrecen datos sobre el bienestar econdéut hogar, el nivel educativo y la

cualificacion profesional de los padres. Con elESA construye un indice sintético

2 En el afio 2003 fueron Castilla y Leén, Catalufiel Yais Vasco; en el 2006, Andalucia, Asturias,
Aragon, Cantabria, Galicia, La Rioja y Navarra a@&ron a las anteriores; en 2009 fueron 14 CCAA, ya
que a las del 2006 se sumaron Baleares, CanaradyidviMurcia y las ciudades autbnomas de Ceuta y
Melilla.
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Introduccion

representativo del estatus social, econémico yuallt ESCS. En cuanto al efecto
compafieros, éste puede medirse a partir del vadiondel indiceESCSdel colegio en el que

estudia el alumno cuyo rendimiento es evaluado.

Por el contrario, la informacién relativa a loputs escolares tradicionales es bastante
deficiente e inexistente la correspondiente a agliciones innatas del alumno. Una de las
partes del cuestionario que rellenan los directdeel®s centros, incluye informacion acerca de
los recursos humanos y materiales de los que disgbrcentro, la cual se utiliza para la
construccion del indicECMATEDUa partir de una serie de items (ordenadores digpsn
calidad de las infraestructuras fisicas del colegéxursos educativos, etc.). La principal
limitacion de esta informacidn es que procede si@janiones de los directores de los centros y
no de observaciones externas, lo que dificultatéizacién como indicadores representativos

de los recursos escolares.

De los mencionados cuestionarios se obtiene tambférmacion sobre variables de
control que, sin ser factores productivos, puedectar al rendimiento educativo o a la mayor o
menor eficiencia del mismo; algunas relativas aelstsidiantes, como sucede con la condicién
de inmigrante o el sexo, otras correspondientegm@iro, como ocurre con su titularidad o la

disciplina en el aufa

Por ultimo, sefalar que, aunque las muestras $gicaimente, representativas, los
resultados no son estrictamente comparables éengba (no coinciden alumnos y escuelas en
las muestras de las distintas oleadas), lo quditgresotra limitacion. Seria interesante, y mas
coherente con el caracter acumulativo del procedocativo, poder contar con datos
longitudinales donde la evaluacion se realizara largo del tiempo y eutputfuera el valor

afiadido de la escuela.

En esta tesis doctoral utilizaremos la base desdatSA no solo para identificar los
factores asociados con los resultados del procdsoatvo sino que, dando un paso mas,
tratamos de estimar y analizar la eficiencia dalnai. Identificar el comportamiento de algunas

unidades como eficiente implica suponer que e¢bnes lo son e interrogarse por las causas de

¥ ESCSes un indicador construido a partir de tres vaeistbél nivel educativo mas alto de cualquiera de
los padres, el nivel mas alto de ocupacion labdealcualquiera de los dos padres y un indice de
posesiones educativas relacionadas con la ecorsghizogar, entre los que se incluyen los siguientes
lugar de estudio, habitacién propia, ordenador pareas escolares, software educativo, conexion a
internet, calculadora, libros de literatura, libmes poesia, trabajos de arte, libros de ayuda &daca
diccionario y lavavajillas.

* No todas las variables se mantienen en las @istileadas del Informe como sucede, por ejemplo, ¢
la disciplina en el aula que no aparece en 2006.
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Introduccion

la ineficiencia en el ambito educativo. Una exmiéa general seria la falta de esfuerzo y
motivacion de los agentes involucrados en el pmeekicativo (alumnos, profesores, padres,
etcétera) derivados de problemas de organizacsbituicional (incentivos y coordinacion de sus

acciones).

En definitiva, esta tesis se compone de tresjalsmbre la eficiencia de la educacion
secundaria en Espafa que utilizan la base de 8485 y presta una especial atencion a la
dimension regional. A continuacion describimos bregnte los objetivos y contenidos de cada

uno de ellos.

En el primer capitulo se estima la eficiencia etluaanediante una funcién distancia
paramétrica. Se trata de una técnica novedosasaseate aplicada, utilizada geéerelman y
Santin(2011a, 2011b) en el ambito educativo y que, ampdse su caracter paramétrico, se
adapta a ese ambito ya que combina una relatixdifldad con la posibilidad de aplicacion a
procesosnulti-outputmulti-input A diferencia de los trabajos anteriores que estifa frontera
productiva educativa clasicBdtesse y Coelll988), en este capitulo se sigue, de forma otigina
en la literatura educativa, el modelo &attese y Coelli(1995). La utilizacion de esta
aproximacién permite, ademas de contrastar laemdst de una relacién adecuada entre los
inputs y los outputs anteriormente descritos de la base de datos PPBA6J, la posible
asociacion entre la eficiencia estimada y una siieariables de control que proporciona la
base de datos como son la condicién de inmigragpetidor, el tamafio del aula, la titularidad

del centro o la procedencia regional.

En el segundo capitulo se va més alla de la siagieiacion de variables y se procede
a analizar los mecanismos causales subyacentes.efarse combina la aplicacion de una
técnica de inferencia causal cuasi-experimentaRrepensity Score Matching (PSM), con la
anteriormente comentada funcion distancia paramastila eficiencia. Con la aplicacion
conjunta de ambas técnicas, algo totalmente noveslogl &mbito educativo, evitamos el sesgo
de seleccion en el que se incurre al comparaideeetia entre centros publicos y concertados
derivado de la capacidad de discriminacion queetiefos dltimos en funcién de las
caracteristicas personales y familiares de los rabgmEl analisis por CC.AA. sirve para
comprobar la existencia de diferencias en los tedo$ derivados del componente regional. En
este capitulo se proponen ademas, por primeranueras medidas para evaluar el impacto de
la titularidad educativa comparando ademas del étoparomedio entre dos grupos, el impacto
promedio asumiendo que los individuos estan erolatdra y el impacto promedio asumiendo

que todos los individuos tienen la eficiencia met#izsu grupo.
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Introduccion

En el tercer y ultimo capitulo consideramos comddach de analisis la escuela y
estimamos la eficiencia mediante una técnica nanpétrica, el Analisis Envolvente de Datos
(DEA), tratando de superar una de las limitaciopeSaladas de la base de datos PISA, la
comparacion de resultados en el tiempo. Con esdidan adaptamos el indice de Malmquist
calculando otro similar que denominamos indice @énduist Educativo que permite comparar
el promedio de productividad entre las escueladiqgashy concertadas, a partir del pseudo-
panel que ofrece PISA, en el espacio (para vai@aAL.) y en el tiempo (oleadas 2003, 2006 y
2009 de PISA). Ademas, teniendo en cuenta el @raterministico de la aproximacion
utilizada, adaptamos la metodologia propuesteSpoar y Wilsorn(1999) con el fin de obtener

intervalos de confianza de los indices de Malmaquide sus distintos componentes.
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Exploring educational efficiency divergences across
Spanish regions in PISA 2006

1.INTRODUCTION

One of the main goals in the field of economiceduication is to define the relationship
between school inputs, student background and \ammients at school. However, after five
decades of research, evidences found are stibalmt enough; especially regarding the role of
school inputs Cohn and Gesk&990; Hedges et al1994; Hanushek1997, 2003). This fact
implies a serious drawback for policy-makers takdegisions about the allocation of public

resources devoted to enhance the accumulationneéinguality in their countries.

We actually know is that education is a high compbeocess with variables such as
organization or non-monetary inputs implied in prodbn (/andenberghel999). It makes
extraordinarily difficult to define a general edtioaal production function that accurately
includes all relevant factors in the educationaldpiction. Furthermore, it should be taken into
account that there may be inefficient behaviorthim learning process due to multiple reasons
such as the way in which resources are organizddramaged, the motivation of the agents
involved in this process or the structure itself tbé educational systenNéchyva2000;
Woessmai2001).

In order to tackle the efficiency issue in eduaatimany studies use deterministic
nonparametric data envelopment analysis in empiggaluations. Pioneer studies applying
data envelopment analysis in education originath Bessent and Besse(it980), Charnes,
Cooper, and Rhodg4981) andBessent et a(1982§. Other studies have considered parametric
methodologies, mainly using the Cobb—Douglas spatibns, but also the translog functional
form proposed b hristensen, Jorgenson and L&L971). These studies have includéténez
(1986), Callan and Santerrg(1990), Gyimah-Brempong and Gyapon@992), Deller and
Rudnicki(1993),Grosskopf et al(1997) andPerelman and Santif2008). The main advantage
of the parametric translog function is its highlgxible nature, which allows the study of
second order interactions in the production procasswell as the output-input partial
derivatives. Nevertheless it is worth noting thatsinof the applied work developed around this
issue is conducted using school as Decision Making (DMU). However, Summers and
Wolfe (1977), Figlio (1999) considered student-level data in their eomgtric studies; both
concluded that the student unit is more appropttlaée higher levels of aggregation. Their
findings show that school inputs matter but theipact on different types of student varies
considerably. In addition to thiglanushek, Rivkin and Taylof1996) conclude that the

® For an empirical survey of frontier efficiency eiques in education, s&orthington(2001).
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econometric estimation of the educational productionction data aggregation at school,

district or even country level implies an upwardésslof estimated school resource effects.

In this paper we propose the use of a paramet@hastic distance function at student
level. Under this specification, we explicitly caoher that education is a process in which
students use their own characteristics and theasdhputs in order to transform them into
academic results, subject to inefficient behavitwat can be identified at both student and
school levels. Moreover, parametric stochasticadist functions allow dealing simultaneously
with multiple outputs (e.g. math, reading and soetest scores) and multiple inputs (including
school inputs, student background and peer-grougrackeristics) within a stochastic
framework. We adopt here a translog specificatioestimate the parametric stochastic distance
function at the student level. This allows us tdcalate several aspects of the educational
technology, mainly output elasticities with respectnputs and outputs. Moreover we propose
Battese and Coell(1995) methodology to find out what are the maiivah factors for

explaining the educational inefficiency.

In order to illustrate the potentialities of thepapach proposed here, we provide an
application to Spanish educational data from thegRimme for International Student
Assessment (PISA), implemented in 2006 by the Qrgéinn for Economic Cooperation and
Development (OECD). Through this initiative, thegnaive skills of students around the world
are measured with the aim of identifying potentmlises of school failure and serving as a basis
for educational policy. The study was first develdpn 2000 and it has been carried out
periodically every three years with a regular iase=in the number of participating schools and
countries. PISA 2006 data base comprises informattmut over 400,000 students, belonging

to 57 countries from which 30 countries belong 3D and another 27 were not associated.

This database includes a wide variety of the stistibackground information collected
by individual questionnaires. Most of this informoat refers to students’ family background and
learning strategies. In addition, the study alsodemted interviews among the principals of the
respective schools in order to collect informatiom the school resources, the number of
teachers in the school, the responsibility regardichool relevant decisions or the principles of

selecting students and so on (for an extensivewesee OECD, 2007 and 2009).

This great volume of data offers an exciting framaek to analyze and identify the
potential influence of those different variablesresults. Although we restrict our analysis to
the Spanish case in 2006, so ten Spanish regiaidedeto take part in evaluation with an

extended representative sample of their populakarthermore, the decision about the quantity
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of the educational budget and its allocation inigE full competency of the regions. Hence,
this analysis allows evaluating potential efficigriivergences among regions within the same

country.

As we mentioned before, the possibility of usingoimation at student level for
measuring efficiency involves a great advantagantgg most of the studies completed within
the educational context\(aldo2007), which usually use aggregate data at coatfgnso and
St. Aubyn2006), district KcCarty and Yaisawarnd993;Banker et al.2004) or school level
(Mufiiz 2002; Cordero et al 2008). In addition, to facilitate the analysislanterpretation of
estimated resultsSUmmers and Wolf@977; Hanushek et al1996), this allows providing
information of the students’ efficiency independgrif either educational system or school
efficiency. Furthermore, the measurement of efficie at student level allows considering
separately student’s own socioeconomic level amit fchoolmates one (the so-called peer-
group effect), two inputs which cannot be simultarsdy included with aggregated daga(tin
2006).

The paper is organized as follows. Section 2 pewidn overview of educational
production functions and presents the paramewithststic distance function and our estimation
strategy. In Section 3 data set and variables teelesre described. Section 4 provides results

and a discussion of our empirical analysis anditta section offers some conclusions.

2.EDUCATION AND EFFICIENCY MEASUREMENT WITH A PARAMETRIC
DISTANCE FUNCTION

2.1.Estimatingan educational production function through distandenctions

The attempts to estimate educational productiorctions are based on the analogy
between this sector and an industry. In the lattez, firms produce different outputs using
inputs such as labor and capital which are transfdraccording to the existing technology into
commodities and/or services. In education, schpalguce educational outputs in the form of
students’ achievements and other valued resultgydatilities, equipments, teachers, students’
own characteristics, peer-group interactions, supers and administrators. This relationship
can be defined with a basic formulation expressethe following way [Levin 1974;Hanushek
1986):

Y, = f (B, S Pur 1) (2)

is?~is? Vst lis
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where Yjs represents the achievement of studenat schook, usually represented by
standardized tests’ results. This output vectoreddp on a set of factors represented by
socioeconomic background), mainly family characteristics, school inputSs)( such as
educational material, teachers or infrastructunehé school, the influence of classmates or the

peer-group effect;), and the students’ innate abilitidg)(

This function can be estimated statistically usengultivariate regression model. A
further refinement of the educational productiomction would be to construct a frontier
production function where only those units that iméze their results according to their
resources are placed within the boundary. In thsecinstead of using simple econometric
analysis to estimate the Equation (1), more sophistd methods are required. Following
Perelman and Santif2008), we use parametric stochastic distancetifurgat student level in
this paper in order to go beyond in the analysithefeducational production function. For this

purpose, Equation (1) becomes:
Dis:g (Yis1Bis'Ss1Pis)|is (2)

whereg represents the best practice technology useckitrdmsformation of educational inputs
to outputs, and;s is the distance that separates each studattending schoos from the

technological boundary. Unobservable student innhtkties, I;;, are assumed to be randomly
normally distribute® in the population and to influence individual merhance in a

multiplicative way. This simple transformation piacthe empirical estimation of Equation (2)
within the framework of parametric stochastic fientanalysis, which, under specific
distributional assumptions, allows disentanglinguadional inputs, random effects and

efficiency (distance to the production frontier).

2.2.The parametric stochastic distance function

Defining a vector of inputsX=(X;,X,,....X )l 0" and a vector of outputs
Y=Y Yaseny, ) OO M*  a feasible multi-input multi-output productiorcheology can be

defined using the output possibility SB(x), which represent the set of all outpuysl 10",

that can be produced wusing the input vectorxOOY. That s,

® The scoring of modern IQ tests such as the Wechslult Intelligence Scale [Wechsler, 2008], the
primary clinical instrument used to measure adultl @adolescent intelligence, is now based on a
projection of the subject's measured rank on thenabdistribution with a central value (average 189)
100, and a standard deviation of 15, although hdéQaests adhere to this standard deviation.
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P(X) ={(x, y):xcanproduce/} and we assume that the technology satisfies theofse

microeconomic axioms listed iffare and Primont(1995) including strong disposability,

convexity, closedness and boundedness.

In order to capture efficiency behaviors, the outgistance function, introduced by
Shephard (1970), can be defined in the output  B¥X), as

D,(Xy) = min{H: 6>0,(x,y/6)0 P(x)}. As noted irFare and Primon{(1995), D, (X, y)
is non-decreasing, positively linearly homogeneand convex iny and non-increasing and
quasi-convex in x. The distance functidp, (X, y) , will take a value that is less or equal to one

if the output vectory, is an element of the feasible production $¥x) . Then, if D, (x,y) <1

the mix (X, y) belongs to the production s&(x) and only whenD,(X,y) =1 the output

vector,y, is located on the boundary of the output possitskt.

Figure 1 illustrates these concepts in a simpledutput one input setting. Let assume
that DMUSA, B, C andD dispose of equal input endowment to produce ostguandy,. Then
B andC are efficient because both lies on the boundamh@foutput possibility set, whereBs

andA, as interior points, are inefficient. The measweetrof the relative inefficiency fok and

D is given by the distance functid#), = OA/OB and 8, =OD/OC.

Figure 1: Output possibility sel(x)

Y2

Production

/ Frontier

C

Y2b

0 Yia Yip Vi
Source: Own compilation

" The distance function may be specified with eitisut or output orientation. So input distance
function analysis could be defined in a similar wiayposing an input orientation and given output
endowments.
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Our analysis focuses on the output distance funétimrder to evaluate the behavior of
a group of students seeking to achieve the bestilpesacademic results. More in depth, the
definition of the distance function in the educatibcontext is how the achievement vector may

be proportionally increased subject to a fixed tnymctor.

We assume #&anslog functional form in our study to estimate the dist& function
with some properties such as flexibility, or homoejty of degree +1 This form has been used
previously in other studies such lagvell et al.(1994), Grosskopf et al(1997) orCoelli and
Perelman(1999, 2000).

The translog distance function for the case bf outputs andK inputs adopts the

following specification:

M M M K
In Dois (X, y) = ao + zam Inymis +izzamn ln ymis In ynis + ZIBk ln ins +
m=1 m=1 n=1 k=1
1 K K K M
*ZZ,BH In X6 IN X4 +ZZ Vin IN Xis 1N Y,
2 k=1 1=1 k=1 m=1
(i=12...N), (s=12,...,H) (3)

where sub-indek denotes théth pupil in the sample belonging to tee¢h school K is the total

number of inputs an® the total number of outputs. With the aim of obitag the frontier
surface, we seD, (X, y) =1, which implies thain D (X, y) = 0. Furthermore, the parameters

of the above distance function must satisfy somagiotions of symmetry

A, =0a,,,;mn=12,..M,

nm?

,Bk| :,B|k ko 1=1,2,..., K,

and homogeneity of degree +1 in outputhe analytical expressions of those restrictemes

iamzl; ﬁ:a’mn:O and iykmzo (4)
m=1 m=1

m=1

® The Cobb Douglas form does not satisfy the conaapesition in the output dimension.
° The homogeneity restriction implies that the dis&of the unit to the boundary of the productienis
measured by radial expansion.
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Then, in order to impose the homogeneity of degrdein outputs, we normalize the
output distance function arbitrarily by one outmacording toLovell et al.(1994) and the

expression may be expressed as follows:

ln Dois(xi y)/ln yMis :TL(Xis’yis/yMiS!a!ﬁ’y) (5)
where:
M-1 1 MAm-1
TL(Xis’ yis / yMis ,a,ﬁ, y) = ao + zam In(ymis/ yMis) + E z Zamn In(ymis / yMis) In(ynis / yMis) +
m=1 m=1 n=1
K 1K K K M-1
+ Zﬁk IN X, +*ZZ,B|<| IN Xy IN X5 + Vien IN X6 1Y s 7 Yinis) (6)
k=1 2 k=1 1=1 k=1 m=1

Rearranging some terms, the function above caerwstten as follows:
~In(Yis) = TL(Xs, Yie / Yuis :@2 B, ¥) ~IND 4 (X, Y) @

Following Lovell et al.(1994) we may consider the unobservable terin D (X, y)

as a random error term, which is the radial distainom the boundary. Then we can easily
obtain theBattese and Coell(1988) expression of the traditional stochastanfier model

proposed byAigner, Lovell and Smit(1977) andMeeusen and van den Broe€k977)

consideringu, =—=InD_, (X, y) and adding another teri, capturing for noise:

- In(yMis) = TL(Xis ’ yis / yMis ,O’,,B, y) + gis (gis = uis +Vis) (8)

Notice that the termu, =—InD_ (X, y) is a non-negative random term assumed to be

ois
distributed as a semi-norm%N o, 0'5)‘ distribution and the ternv,, is assumed to be a two-

sided random (stochastic) disturbance designateddount for statistical noise and distributed

iid vON (0,072) . Both terms are independently distributet}, = 0.

In the context of education, three kinds of vaeabhre considered: scores obtained by
students in standardized tests (outputs), one vetteducational variables indispensable for

achievement (inputs), whose effect on results rbagtositive, i.e., a greater endowment of any
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of these variables must have positive impact onltesFinally, a set of variables about which
we need to know whether or not they have influemeeducational process since it cannot be

known a priori if their effect is positive, negatior inexistent (environmental variables).

Therefore, we opt for using thBattese and Coell(1995) model who propose a

stochastic frontier model in which the inefficieegieffectsu,, are expressed as an explicit

function of a vector of environmental variables (z, z, ,...,zs) 00 °where:

uis = 50 + Zi55 (9)

where J is a vector of parameters that must be simultasigcestimated with the parameters
included in Equation (8). To the best of our knadge, this is the first time in the economics of
education literature that thgattese and Coell{1995) model is implemented at student level
considering the three sets of educational variahwed above. This model enables us to
identify the sign of each environmental variableeif and its influence on students’ efficiency
independently of the inputs. We think this framekvags appealing in terms of educational
policy makers taking decisions in order to get #edpealistribution and organization of public

resources.
2.3.Variance decomposition

Due to the purpose of this paper, our main conégrnot only to obtain a pure
efficiency score for each pupil, net of inputs amyironmental variables, but to identify which
can be the causes of detected efficiency: the $ahrdbe student efficiency. Most of empirical
work concentrates on only one responsible for iefficy, school or student. Nevertheless, in the
real life, it is doubtful to assume that efficienisyonly caused by students (mean efficiency
among schools would be exactly equal) or by sch@oéan efficiency within schools would be
equal and all efficiency variance would be expldihg average efficiency among schools). In
this paper, we followPerelman and Santi2008) to decompose student and school
inefficiency. We are especially interested in diaegling the efficiency attributable to school
management of educational resources, so this &ctarf over which public sector can make

interventions through education policy.

After the estimation of théBattese and Coell(1995) model depicted above, the

decomposition of estimated efficiency may be cdroat through an analysis of variance of the
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term@is, where 8, =0, —u,. Following Perelman and Santi(2008), we assume average

S
efficiency differences among schools are due taieffcy attributable to schools (between),
while differences among students in the same scl@ithin) are due to students’ self
efficiency’®. Hence, the decomposition of efficiency varianee be done as follows through

one way analysis of variance:
o2 _ Q2 o2
Si. = Sis tSw (20)

Thus, efficiencies among schoolséng) include teachers’ characteristics and
motivation, pedagogical methods employed, managerstategies or relationship between
parents and principals. On the other hand, effaenwithin school éjw) are attributable to

students’ dedication and effort. We expect thatiefficy is a mix of both components.

2.4.Elasticity estimations

One advantage of parametric distance functionasttis technique allows calculating
the output and input elasticities which give usevaht information about the effect of each
input on each output. A peculiarity of translogtdige functions is that elasticity value is
different in each observed unit, thus it is necgsgaobtain the elasticity for each point. Assit i
usual in educational studies we analyze the distdmaction elasticity with respect to inputs
and outputs and the change rate between inputoatpadits. For these purposes we use the

following expressions:

_0D _0dInD(x,y) D(xy) (= 0D _dInD(xy) D(x,y)

D,ym

Px " ox, alnx, X, . 0oy, diny, Ym (11)

where positive values o‘gvxk (rDym ) indicate that an increase in the input (outpui)lies a

higher inefficiency (efficiency).

19 1f the input and control variables depicted in &dpns 8 and 9 control for the other determinarits o
achievement (mainly the student's background, scheariables, peer group effect and other
characteristics or environmental variables), tHenremaining efficiency effect depends only on stud
and school. Hence, we implicitly assume that (af@ntrolling for x;s and zs) student’s outcomes and
efficiency are independent variables. Howevers iworth noting that a possible selection bias cawise

if students are not distributed over schools indéepetly of their potential efficiencies. This pdsbiy
could happen if most efficient students’ are comigad in the most efficient schools or if mosiaént
schools could select the most efficient studentsatVve assume in this paper is tRatandzs variables
influencey;s but they are independently distributedugf

31



Exploring educational efficiency divergences across
Spanish regions in PISA 2006

Expressions of partial elasticities between outpuitand input ‘k”, which indicate the
variation in output i’ level before an increase in the inplt ‘proportion, and the variation of
an output h” with respect to another onen”, which can be interpreted as the extent the dutpu

“n” changes before an increase in the outpnit &re as follows:

K M
By +z,3k| In X, +25km|n Ym
k=1

o =D/ Yo - Fox _ =L
Vims X S S
dx, /X, .y, a, + ZUmnm Y +25km|n X
o= (12)
M K
am+ amnlnym+ Jmlnx
_dy,/y, _ Moy _ Z{ kzz‘; k K (13)

Ym:¥Yn

= d ] M K
Yen/ Yon Dy g, +ngn|n Y, +25knln X
n=1 k=1

A positive sign in Equation (12) means that aneéase in inputK’ produces another
increase in outputrfy’. The interpretation is the opposite for the cata negative sign. While
in Equation (13) a negative sign entails that amease in outputri’ produces a decrease in

output ‘n”, and the opposite interpretation in case of atpassign.
3.ANALISYS OF SPANISHRESULTSIN PISA 2006
3.1. Data

In our empirical analysis, we use Spanish data fRIBA 2006 which provides data
from 15 year-old students belonging to ten reginits extended sample of their populafibn
(Andalusia, Aragon, Asturias, Basque Country, Cania Castile Leon, Catalonia, Galicia,
Navarre and La Rioja) and a group of ‘other redignsluding the seven remaining Spanish
regions. It is worth noting here, that the Spamisffions are actually fully responsible for the
management of educational resources in Spain 00e. Therefore, they should be the most
interested ones in analyzing PISA results as aique\step for the application of more effective
educational policies. To perform this analysis, leee data about 19,605 students and 685
schools distributed across eleven regions as shmwable 1. Schools can be divided into three

groups according to the type of ownership: publinaficed from government), private

1 Three regions took part in 2003 evaluation (Basgoentry, Castile-Leon and Cataloni®erelman
and Santi2008) also analyze Spanish data from PISA 20@3H&y do not study regional differences in
efficiency, which is very informative for the casé Spain, since the education funding is totally
decentralized.
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(government independent) and government depenpemaie management and financed by the

government).

Table 1: Distribution of students and schools by mavship and region

Region Students Schools Public Gov-Dependent Private
Andalusia 1,463 51 37 13 1
Aragon 1,526 51 31 16 4
Asturias 1,579 53 31 14 8
Basque Country 3,929 150 63 83 4
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 53 36 11 6
La Rioja 1,333 45 22 20 3
Navarre 1,590 52 30 19 3
Remainder regions 2,077 74 44 20 10
Total 19,605 685 385 243 57

Source: Own compilation from PISA 2006

One of the main advantages of the PISA study is ithdoes not evaluate cognitive
abilities or skills through using one single scbrg each student receives a score in each test
within a continuous scale. In this way, PISA atté&srp collect the effect of particular external
conditioning factors affecting the students durthg test. Furthermore, it also involves that
measurement error in education is not independ@amh fthe position of the student in the
distribution of results. Precisely, students widrywlow or high results have higher associated

measurement errors and higher asymmetry in the @istrsibution.

Likewise, given that school factors, home and ss@oomic context play an important
role in students’ learning, PISA also collects atersive dataset on these variables through two
questionnaires: one completed by the students #lgessand another one filled out by school
principals. From these data, it is possible toastta great amount of information referred to the
main determining driven factors of educational perfance represented by variables associated

to familiar and educational environments as wellt@school management and educational

supply.

3.2.Variables

To perform efficiency analysis we use three setsvaniables: outputs, inputs and
environmental factors. As output indicators we t@s¢ scores as it is usual in most of studies in

education. However, the selection of inputs andgerous variables can be complex and, in
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some cases, eventually confusing. Given that theature does not provide an explicit rule to
discriminate between them, in this study we bagedegision on the following criteria. First,
input variables must fulfill the requirement of tenicity (i.e., ceteris paribus, more input
implies equal or higher level of output). Thus, weected input variable should present a
significant positive correlation with the outputcter in addition to theoretical support in
previous studies. Second, input variables shoulddpective measures of educational resources
or subjective opinions that could be checked byeaternal auditor. Third and finally,
categorical and binary variables that divide thesa into different subgroups are considered

as environmental factors to explain efficiency @sip

Outputs and plausible values

The true output as result of an individual educatie very difficult to measure
empirically due to its inherent intangibility. Ecation does not only consist of the ability of
repeating information and answering questions,itbatso involves the skills to interpret the
information and learn how to behave in the sociétgfortunately, it is really difficult to
measure all of them. In spite of the multi-prodnature of education, most studies have used
the results obtained in cognitive tests since thmy difficult to manipulate and respond to
administration demands. But perhaps, accordingidrby (2000), the most important reason
could be that both policy makers and parents usectherion to evaluate the educational output
and its subsequent information to choose the scloodheir children and even their place of

residence.

In this study we use the results obtained by stisde@nthe three competences evaluated
in PISA (mathematics, reading comprehension arghse) as the vector of educational output.
As it has already been mentioned above, PISA usesdncept of plausible values to measure
the performance of students, since measures ie thdgects have a wide margin of error due to
the fact that the measuring concept is abstractissdibject to the special circumstances of
students and their environment on the date of tles@mms. Moreover, questions about
educational knowledge may have different levelsdifficulties and the measuring error is
dependent on the student’s position in the distidouof academic results. Therefore, students
with very high result suffer higher measuring eramd higher asymmetry in his distribution
than those students with average result. For #asan PISA 2006 used measures based on
Rasch modelRasch1960; Wright and Masters982), which uses plausible values instead of
working with a particular average value for eaaldsht’'s knowledge. These are random values

obtained from the distribution function of resultstimated from the answers in each test. They
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can be interpreted as a representation of thetyabilnge for each studéhtWu and Adams
2002).

Table 2 reports the average value and the stardaidtion for each plausible value
and discipline (math, reading comprehension anense) across regions. Plausible values in
the three tests are used as outputs in the effigianalysis. In order to achieve correct results
and avoid bias estimations it is necessary to Gketdive different efficiency measures for each
trio of plausible values and take the average dteveards, instead of using mean values to

obtain one efficiency measure (OECD 2005).

It is worth noting here that the standard deviatioresults offers additional information
about the equity on the educational system. Fomele although Castile-Leon and La Rioja
are the top performers regions in Spain, it seerefe@ble from a public policy point of view
the results in Castile-Leon, where the standardatien is considerable lower than in La Rioja.
According to this reasoning, we can conclude thatdistribution of test scores is quite similar
across all the Spanish regions. Thus, it may benasd that in Spain there not exists a clear

trade-off between high scores at cost of damagipifye

Inputs

In order to carry out the distance function efingg analysis we have used three
different inputs that are directly involved withudent learning (ESCS, SCMATEDU and
PEER) together with a set of control variables. |&&® presents a brief description of each
variable and Table 4 reports the main descriptiggssics of inputs and environmental variables

by regions.

2 For a review of plausible values literature $éislevyet al. (1992). For a concrete Studio of Rasch
model and how obtain feasible values in PISA, sE€D (2005.).
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Table 3: Variable definitions

VARIABLE DESCRIPTION
Inputs
SCMATEDU |Index of the quality of the school’s educationaaerces
ESCS Index of economic, social and cultural status
PEER AverageEscsindex of the student’s peer group
Z's

PRIVATE Attending private school (1 = yes; 0 = no)

GOVDEP Attending government-dependent private school y&s; 0 = no)

SCHSIZE Number of students in school

STRATIO Weighted number of teachers divided by total nunabfetudents

REPONCE [The student has repeated once (1 = yes; 0 = no)

REPMORE |The student has repeated more than once (1 = yesn)
IMMIGRANTL1 [The student and at least one of the parents wasdiwoad
IMMIGRANT2 |The student was born in Spain but at least onkeopairents was not

REGIONS Belong to one region (ten different dummy variaples
Source: Own compilation

The index on the school’s educational resour&esnatedurepresent®; in Equation
(2). This variable was computed on the basis oéisatems measuring the school principal’s
perceptions of potential factors hindering instizrctat school (science laboratory equipment,
instructional materials, computers for instructiortiernet connectivity, computer software for
instruction, library materials and audio-visualaeses). The items are inverted for scaling and

so, more positive values on this index indicatdaigevels of educational resourtes

Escsreflects the socio-economic background of eacllestu It is an index of the
economic, social and cultural status of studergated by PISA analysts from three variables
related to family background from students’ quest@ire. The index of highest level of
parental education in nhumber of years of educatiocording to the International Standard
Classification of Education (ISCED, OECD 1999), fhdex of highest parental occupation
status according to International Socio-economidein of Occupational Status (ISEl,
Ganzeboomet al. 1992) and the index of educational possessionloate. Finally,Peer
incorporates information about classmates’ charisties of studenté. This variable is defined

by the average dEscsof students who belong to the same school of vatuated individual.

In addition to inputs variables we have considemgber factors related to the
characteristics of schools and students may infleeificiency in education (z's variables). In

particular, we have analyzed the effect of theofeihg ones:

13 This variable shows a significant and positiveretation with the three outputs.
1 For a review of the effect of these variables aesults se®etts and Shkolnik2000) orHanushelet
al. (2001).
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School ownershipThis variable has been included in the analysirder to test
whether the public, government-dependent privaterimate schools have some influence over
students’ efficiency. Regarding this issue, in literature we find evidence supporting the idea
of better performance in private schod¥hgbb and Mod 990;Sander1996;Figlio and Stone
1997; Neal 1997; McEwan 2001), while others do not find enough evidencgusiify this
superiority Witte 1992;Goldhaber1996;Vandenberghe and Rob2904;Mancebon and Mufiiz
2007). In our case, we include this informatiomngspublic school as reference. According to
this criterion, two dummy variables have been dfiPrivate, which equals one if the school
is private and zero otherwise, a@wvdep which takes value one for government-dependent

private schools and zero otherwise.

School siz€Schsizg This variable indicates the total number of stutg in the school.
The influence of this variable in the educationalgess has also been tested in previous studies,
in which we can find results supporting that schoeith more students have better results
(Bradley and Taylod998;Barnett et al.2002), but also other that conclude this factarsdaot
affect the resultsHanushek and Luqu2003).

Classroom sizéStratio): This variable is a ratio between total numbestofients in the
school Schsizg and total number of teachers weighted on theilicdtion (part-time teachers
contributes 0.5 and full-time teachers 1). Thisale is usually considered a school input in
efficiency analysis according to the results of s®tudies where a direct relationship is found
between reduced groups and higher academic pemoen@ard and Kruegerl992; Hoxby
2000; Krueger 2003). However, other studies conclude that tlagable is not significant
(Hanushek1997, 2003;Pritchett and Filmer1999). Taking into account that the linear
correlation between this variable and the outputasitrary to expectations, positive, we decide
to consider this information as an environmentaiakde in the efficiency analysis, in order to

avoid potential bias in estimation, instead of edexsng it as an input.

Immigrant condition This factor, whose influence has received inéngpattention in
literature within the last year&Sang and Zimmerman2000; Entorf and Minoiu2005; Cortes
2006). It becomes especially interesting for Spasna consequence of the huge growth
undergone by immigrant population at school aganduthe last decad® In view of this
phenomenon, several studies have recently anatheenhfluence of this factor on the Spanish
students’ results by using information providedH$A databaseJalero and Escardibu2007;

Zinovyeva et al2008). In our study, this factor has been incluttem@dughout two dummy

15 According to Spanish official statistics captutegl MEC (2008), foreign students in non-university
education have grown from a total number of 7283098 to 695,190 in 2008.
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variables [mmigrantlandImmigrantd that allow identifying the first and second ordgre
student and his/her parents were born abroad ansttident was born in Spain but at least one

of the parents was born abroad) immigrant condition

Repeat OnceandRepeat Moreare two dummy variables that represent those stade
that have repeated once or more than one cougeeatively. There is a vast literature about
the effect of grade repetition on academic perforweaand self-steem with the majority of
educational researchers concluding that it is meg@tiolmes1989;Jimerson et al2002). This
phenomenon may be rather significant in the casgpaiin, where the repetition rate is much
higher than in other countries in the OE€DObviously, it is expected that being repeater
implies lower efficiency indices, although our aigrto quantify this effect after controlling for

the different inputs and the environmental factamssidered.

Regions|In order to test whether there are significaffedénces across regions in terms
of efficiency, ten different dummy variables arenstucted (one for each region with
representative sample), taking the value one ifstinglent belongs to a particular region and
zero otherwise. According to this criterion, eaebion is compared with the sample of students

belonging to the remainder regions.

'8 1n Spain, 40% of students have repeated a cotiteast once in 2006-(lentes2009).
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4. RESULTS

In this section, we present the main results obthin our analysis. We estimate five
output distance function, one for each trio of plble values, assuming a stochastamslog
technology to measure students’ efficiency in PER®6. To do that, the first step is to impose

homogeneity condition by selecting students’ penance in mathy) as the dependent

variable and then the ratioy{/y,) and (y,/Y,) as explanatory variables insteadygfr y,

(students’ performance in reading and science eatisely)’.

In order to facilitate the interpretation of pardems, the original variables are
transformed into deviation to the mean valuesjrsb drder parameters should be interpreted as
the partial elasticity at the average values. T&bkhows the results after averaging the five

estimations.

Therefore, mathematics, reading and science paeasnate all of them positive which
means that the efficiency increases when, cetenidoys, the performance in these subjects
improve. In contrast, the opposite effect happendriput coefficients, which are all negative
and significant; indicating that an input expanssoppose a reduction in the student efficiency
performance keeping the output vector fixed. F@r éstimation we consider the model without

separability between inputs and outputs due to nudsthe input-output cross-products
coefficients are statistically significant. The eage efficiency, computed Sexp(— ui|£)],

equals 0.82, indicating the average student’sieffey in Spain. The inputs and environmental

variables in the model explain around one halbtdltvariancé.

The results derived from the analysis with z's ables allow drawing some interesting
conclusions. The first relevant idea is that tresslsize has not effect on estimated efficiency.
In fact, we find a weak but 90%significant effectinging out that more students per teacher
provides better efficienéy This result bears strong implications for the aadional policies
instrumented by many Spanish regional governmesmeglly concerned about reducing class

size in schools.

" Following Lovell et al.(1994) homogeneity of degree +1 may be imposezhé arbitrary output is
chosen and setv=1/y,, one obtain®,(X,y/y,) =D, (X, ¥)/y, -

'8 To compute the goodness of fit in the model wfoiCoelli and Perelmari2001).
19 Calero and Escardibu{2007) also obtain this non expected result betwaass size and PISA tests
scores.
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Table 5: Average of the five parametric output diate function estimations

Variables Coeff Std.Dev t-ratio | Variables Coeff Std.Dev t-ratio
Intercept -0.1969 0.004 -45.911] (Lnxp)(Lny,) -0.0330 0.055 -0.607
Lny, (mathematics) 0.4219 (Lnxo)(Lnys) 0.1710 0.075 2.298
Lny, (reading) 0.3014 0.009 32.910| (Lnxg)(Lny,) 0.1159

Lny; (science) 0.2767 0.012 22.583] (Lnxz)(Lnyy) 0.6005 0.110 5.477
Outputs (Lnxz)(Lnys3) -0.7164 0.142 -5.058
(Lny,)? 1.9146 7's variables

(Lny,)? 0.0995 0.008 11.731]|Intercept 0.2269 0.030 7.524
(Lnys)? 1.1993 0.046 25.955| Reponce 0.2317 0.007 31.748
(Lnyy)(Lnyy) -0.4074 Repmore 0.3738 0.010 38.730
(Lnyy)(Lnys) -1.5072 Govdep 0.0123 0.009 1.399
(Lny,)(Lnys) 0.3079 0.028 9.104 | Private -0.0045 0.012 -0.373
Inputs Schsize (In) -0.0141 0.005 -2.991
Lnx; (Scmatedu) -0.0100 0.004 -2.235|Immigl 0.0511 0.011 4.741
Lnx, (Escs) -0.1265 0.007 -19.391| Immig2 0.0086 0.009 0.943
Lnxz (Peer) -0.1169 0.014 -8.253 | Stratio (In) -0.0221 0.013 -1.747
(Lnxy)? 0.0041 0.002 2.287 | Andalusia -0.0136 0.010 -1.308
(Lnxy)? 0.1008 0.050 2.008 | Aragon -0.0855 0.011 -8.084
(Lnxg)? -0.2709 0.205 -1.315 | Asturias -0.0559 0.010 -5.329
(Lnxy)(Lnxy) -0.0072 0.012 -0.592 | Basque Country | -0.0185 0.009 -2.131
(Lnx4)(Lnxs) 0.0013 0.026  0.049 | Cantabria -0.0741 0.011 -6.925
(Lnxy)(Lnxz) 0.0582 0.077 0.764 | Castile-Leon -0.1017 0.011 -9.399
Input-output Catalonia -0.0052 0.010 -0.505
(Lnxy)(Lny,) -0.0082 Galicia -0.0901 0.011 -8.471
(Lnxg)(Lnyy) -0.0229 0.016 -1.401 | Navarre -0.0663 0.011 -6.026
(Lnxg)(Lnys) 0.0311 0.024 1.286 |La Rioja -0.1164 0.012 -9.663
(Lnxy)(Lny,) -0.1380

Sigma-squared 0.0256 0.001 39.481| Mean Eff. 0.824

Gamma 0.7796 0.011 71.657|R2 0.51

Source: Own compilation from PISA 2006.
*Note: Underlined parameters are calculated by afipy imposed homogeneity conditions

The second evidence is that variables related wosearepetition show a clear negative

relationship with efficiency scores, even higherewtthe student has repeated more than one

academic yed!. This result is relevant from the viewpoint of edtional policy, since it raises

certain questions regarding decisions on the cdamea of repetition policies and their
conditioning factors. There are multiple schooifg, and individual characteristics associated
with an increased likelihood of grade retentionu3hsimply repeating a grade is unlikely to

address the combination of factors that contribistdow achievement or socio-emotional

“Eide and Showalte2001),Corman(2003) obtained similar results using data fromtnited States.
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adjustment problems. Therefore, it seems to be measonable to focus on early intervention

strategies, especially for students at risk of gmyformance.

Thirdly, as we expected, the immigrant conditios hanegative influence on efficiency
scores, although this relationship is only sigmificfor the first generation immigrants, being
non-significant for the second-generation immigsdntThese results reveal the need to

implement specific policies aimed at improving #tademic performance of these students.

Fourthly, schools’ ownership is not significant do not contribute to explain the
students’ efficiency. In other words, once schetldent and environmental variables are taken
into account we cannot conclude that ownershipenéttr explaining differences in efficiency.
And finally, the students from all regions (withetlexception of Andalusia and Catalonia)
perform better in terms of efficiency than the stotd belonging the sample of the remainder
Spanish regions. From our point of view, there gsanclear pattern to explain these results.
From year two thousand, the educational systenpainSs totally decentralized to the regional
governments that decide, independently of the akgimvernment, the amount of resources
devoted to education. As a matter of fact, efficieranalysis allows identifying the best
performers in order to learn and apply their susiteseducational policies in other regions.

Hence, it seems that Aragon, Castile-Leon, Ga#io@ La Rioja are the benchmark regions.

Once the results of the initial efficiency analyarsd second stage analysis is carried
out, we may step forward and calculate the pergentaf student inefficiency directly
attributable to their schools, after the effectitod exogenous variables is considered. For this
purpose and following Equation 10 we complete @avae analysis of students’ results which
allows identifying differences in average studemfficiency who belong to different schools
(between-school variance), which can be attributedchool managerial efficiency, and the

variance among students belonging to the same k@hiboin-school variance).

Results reported in Table 6 show that the most itapb proportion of inefficiency
detected depends on the student. Thus the avecagelsnefficiency is almost 13 percent,
denoting that school quality is quite uniform ina8p As we mention in section 2.2, it newly
seems that Spain has a strong equality of edueadtapportunities in terms of school choice.
This means that when parents face up to the clwdisehool for their children they should not
expect high efficiency differences among the cogr@d schools. However, some significant

divergences among regions can be detected. Herteeas Andalusia, Cantabria or Galicia

2L This result may be conditioned by the low numbkolsservations that have the value of one in this
variable, since in Spain there are few second dnderigrant yet.
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presents around 8.5 percent, the Basque Countrg &elsool variance of 25 percent. The causes
for this relatively high value for Basque Countgndoe found in higher levels of school choice
and a current process of yardstick competitionesithe@ proportion of government-dependent

private schools in that region is the highest en¢buntry.

Table 6: Variance analysis

) Number of Number of  Between Within

Region Schools  Students  (school)  (student) F-test*
Andalusia 51 1,463 8.66 91.34 2.64
Aragon 51 1,526 11.48 88.52 3.81
Asturias 53 1,579 12.01 87.99 3.99
Basque Country 150 3,929 25.10 74.90 8.36
Cantabria 53 1,496 8.53 91.47 2.57
Castile-Leon 52 1,512 10.24 89.76 3.26
Catalonia 51 1,527 16.16 83.84 5.65
Galicia 53 1,537 8.57 91.43 2.73
La Rioja 45 1,333 13.34 86.66 4.50
Navarre 52 1,590 11.04 88.96 3.73
Reminder Regions 74 2,077 17.00 83.00 5.59
Average 685 19,605 12.92 87.08

Source: Personal compilation based on PISA 20086 é&tSpain
*All F-test present statistical signification 89%.

Finally, with regard to elasticity estimations, wely report inter-quartiles values for
the sake of simplicity, since we have an elastieaijue for each student as it is discussed in

section 1.4. Table 7 reports the input-output eleists.

Table 7: Ouput-input derivate$

Math Inter-quartiles Reading Inter-quartil¢sScience Inter-quartile$
250 | 50% | 75% | 2594 5004 75% 259 50Dk 75%

(=]

Output with respect to inputs

Scmatedu 0.0153 0.0213 0.0308 0.02208.0299 0.03970.0209 0.0313 0.0508
Escs 0.2338 0.2845 0.397p 0.3220.4216 0.5581{0.2636 0.4101 0.6845
Peer 0.1403 0.2689 0.44| 0.2226.3784 0.5584]0.1897 0.3823 0.6811

Source: Own compilation from PISA 2006.

We observe that all the variables have a positifleience on scores, although it is
slight in the case of the scholar resour@n{atedu Furthermore, the outputs-inputs variations

are different depending on the discipline. On the band the average elasticity of the student’s

22 The interpretation of elasticities is referring the mean values, since original variables were
transformed in deviation to the mean values.
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socio-economic backgrounde¢cg on reading is 0.42, 0.28 on mathematics and @41
science. Then, the average elasticity of the pemrgyeffect Peel) on mathematics, reading
and science is 0.2689, 0.3784 and 0.3823, respéctiMere newly arises that an educational
policy to avoid the concentration of students vaittow socioeconomic background can become

more productive that investing more in educatioraburces.

5.CONCLUSIONS

In this paper we analyze the differences on Spasistents’ results in PISA 2006
through an educational frontier framework. Withsteim, we have implemented an efficiency
analysis using data at student level and consigdnformation about Spanish regions and
schools ownership that participate in this study.tfie best of our knowledge, this is the first
paper that analyzes the results of Spanish studefSA 2006 using individual data and the
Battese and Coell(i1995) model.

Considering the uncertain environment around theatibnal production function, we
apply a stochastic parametric distance functionhodlogy in order to measure students’
efficiency. Our results show that detected divecgsnamong regions maintain even when
information about socioeconomic background, quadityesources and peer effects are taken

into account in the analysis.

Moreover, the influence of exogenous variables diverstudent’s efficiency shows that
the teacher-student ratio is not a significantatala for explaining it. This result entails strong
implications for the educational policies instrurteehby many Spanish regional governments
generally concerned about reducing class sizehnads. Moreover, the school type (private or
government dependent private one) do not seemv® indluence on results either, since after
considering the socioeconomic characteristics oflestts attending to these schools they

perform similar to public ones.

In contrast, students repeating courses or thogewehne born in a foreign country have
worse results in terms of efficiency. These resdt®al the need to implement specific policies
aimed at improving the academic performance ofellstisdents, such as hiring support teachers,
improving teachers’ training to cater for diversiy strengthening the role of social workers
when it comes to make parents aware of the impoetah education. Likewise, the school size
or belong to any region, with the exception of And&, Catalonia and remaining Spain, have a
positive effect on the results, being Castile-Leon La Rioja the most efficient educational

systems in Spain.
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Furthermore, an important advantage of our studfesinterpretation of the output -
input elasticities. After carrying out this analysithe results show that all output-output
elasticities present negative signs, being mathes#te discipline that experiment a higher
impact. Regarding the input-elasticities, we notltat school resources have an average effect
on students’ scores close to zero, while socio-eenn background and peer-group effect have
a positive and significant effect on scores. Tleisutt claims for a deep revision of the actual
system of assigning students into public-finanagtbsels which is strongly based on proximity

to residence criteria.

Although these conclusions should be interpreted gaution, since they are referred to
cross-sectional data from a single year, we congigg our results have relevant implications
for regional educational policy, which seems tofbeused on enhancing students’ efforts in

view of the scarce percentage of variance attriidatep schools.
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Does the school ownership matter? An unbiased cdsgra
through propensity score matching and parametistasthce functions

1. INTRODUCTION

One of the main goals in the field of the econonvtsducation is to analyze the
efficiency component in the learning processeshmieal inefficiency may be due to multiple
factors, including the lack of motivation or effant students and teachers, pedagogical issues,
or the quality and experience of teachers. Thes®ra may affect student's performance
significantly and, therefore may indirectly influan educational efficiency. While several
papers in the education literature have focusedhenrole of organizational structure on
educational outcomedNéchyva2000; Woessmar2001), few papers have done so from an

economic perspective.

Most of the previous educational literature attiisuan advantage to government-
dependent private school&DPS)over public schools (PS) in terms of educationgtomes
based on the fact that market competition wouldtdoprivate schools to achieve a more
efficient use of resources and to offer a highandard of quality to their studentsi¢hian
1950; Friedman and Friedmari981;Chubb and Moel990). The analysis of PISA 2006 may
seem to confirm this finding because, on averdg=atademic performance @DPSis higher
than that ofPS across different countries. However, in most & #ducational systems, the
distribution of students across publicly financedals is not random, with a higher percentage
of low income students attendifp This implies that a simple mean comparison ofréseilts
would be flawed due to the selection of high-incostedents intoGDPS and low-income
students int®®S

Empirical studies that address this issue findoim £vidence regarding the superiority
of either type of school. Some studies advocateafgrivate school advantag@/ifte 1992;
Angristet al. 2002;Krueger and Zhi2004;Vandenberghe and Rob2904;Duncan and Sandy
2007). Other papers find no statistical differenbetveen both types of schoolsdldhaber
1996;McEwan2001;Mancebon et al2010); and even others conclude that public eduti
significantly better compared to that of privatetanaged school&K({rjavainen and Loikkanen
1998;Newhouse and Beedgk®06).

This paper contributes to the above literature fmppsing a new method to estimate the
impact of school ownership on students’ efficietiegt is free from selection concerns and by
applying it to measure efficiency of Spanish Schodbpain is a particularly interesting case to
study this issue. Publicly financed Spanish schaelseive their core funding from the

government agencies. Publicly financed schools lwarclassified as either entirely public
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schools PS or as government-dependent private schoGBRS*. The difference lies on
whether a public entity or a private agency, respely, has capacity to make decisions
concerning its managememS are monitored and managed by a public educatitmoaty or
agency GDPSare ruled by a non-public organizati§rwhich means that their governing board
IS not elected by a government agency. Privatedshare classified aSDPSif they receive

more than 50% of their core funding from governnagncies.

Most Spanish families choose whether to atteR&ar aGDPSbased on their location,
their ideology and their expectations regarding twlgpe of school offers the best quality of
education for their children. Some people belidaat teachers’ quality is higH&in PSbecause
teachers in these schools have passed a competitaira to enter the public school system,
which may lead to a better overall academic achierg. On the other hand, teachers in public
schools are automatically granted tenure once plasg the entrance exam, which leads some
people to argue that teachers in public schoolsiaohave clear incentives to improve their
methodologies and practices once they enter thteray®rivately managed schools do not have
this problem and therefore some people think they might be more efficient and flexible than
public schools. The different expectations regaydiwhich school offers a better quality of
education would only be a concern if they are aatlomly distributed across families, which is

not likely to be the case among a wide group fasili

However, other factors are less likely to be randdn particular, a potentially
important driving factor of the selection of stutkefrom low socio-economic status and/or
students from large families inRSis thatGDPSare allowed to chargevaluntary monthly fee
(ranging from 30 € to 200 € per month and childp&oents under the claim that public funding
is not enough to cover the total costs or to affame extra-curricular activities. The fee is not
mandatory which means that is up to the parentdetide whether to pay it. The selection
comes from the fact that it is likely that certgioups of families may not know that the fee is
voluntary (for example some immigrant populationyl anay therefore perceiv@DPSas more
expensive, which leads them to send their childee®S Hence, although similar students
could be found in both types of schools, the vadlitalof the student’s background is likely to
be wider forPS

2 The so-calledEscuela Concertadan Spanish

24 Most of these organizations include catholic sthaeachers’ cooperatives, non for profit orgatiiees or simply
private enterprises.

5 There also exist government-independent privateds, controlled by a non-government organizatiowith a
governing board not selected by a government agevittigh receive less than the 50% of their coreling from the
government agencies. Although in this paper, wasamly on the publicly financed schools.

8 The requirements for teaching®$ or GDPSare different. Hence, to pass a hard state exaegisred in the first
one, while a three years university degree forstmnd one.
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In this paper we propose an alternative methodotogyeasure educational efficiency
that corrects the selection bias steaming fronstt®ol choice decision in Spain. The novelty
of our approach lies in the use of a Propensityr&ddatching PSM estimator within the
framework of the stochastic frontier analysis. fisr approacH was implemented bylayen
et al (2010) in order to compare the productivity amel éfficiency between the organic and the
conventional farms in Finland. To the best of onowledge, however, thBSM and the

stochastic frontier analysis have not been prelyaused jointly to assess school efficiency.

To carry out this task, we first use PSM to chamseinbiased sub-sample of schools in
each of the ten Spanish regions with a represgataimple in PISA 2006. We then estimate
two stochastic parametric frontiers, one for eatosl type. The use of parametric distance
functions presents some advantages for the estimati educational production functions
compared to other methods. Among these advantagesrth mentioning its higher flexibility,
its stochastic character or the fact that allowsusalculate elasticities and to perform statatic
inference. However, the efficiency measures mapiased if we do not correct for the problem
of self-selection intdGDPS Although the use of PSM deals with the selecpooblem, the
measurement of the impact of school ownership uemyg the PSM methodology does not
correctly reflect the real difference in the stugéachievements from both school types. Thus,
we suggest combining both methodologies in ordebtain unbiased comparisons of students’
efficiency. Moreover, we propose two original neancepts; the Average Treatment effect of
the Treated on the Production Frontid Tp) and the Average Treatment effect of the Treated
assuming school inefficiencAT Tas), which are more robust indicators of the impdc&E®PS

attendance in terms of technical efficiency.

The case of Spain is particularly relevant to sttithse issues due to the poor results
that Spanish students achievedPilBA 2006 compared to other European countriagehtes
2009]. The bad overall performance of Spanish stisdbas led to an intense political debate
about which type of school is likely to produce tbetacademic outcomes. In addition,
education policies are greatly decentralized to ringions, which means that the regional
governments decide the total amount of public fuasltisated to education and its distribution.
Moreover, there is a significant gap of almost tiyegears among the regions whose
decentralization process in education was in théy eaghties -Andalusia, Basque Country,
Catalonia, Galicia and Navarre- and those for whdeleentralization took place in the late
nineties -Aragon, Asturias, Cantabria, Castile-Leod La Rioja. The analysis of student’s

efficiency across regions allows also exploring itifuence of the decentralization process on

27 Another possible approach would be to combinehststic frontier analysis and switching regressiGmegne
2010).
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the managerial experience and to check the possblenal divergences on the impact of the

school ownership on academic achievement and edoa&efficiency.

The analysis is performed using the student asléieesion making unit. Many studies
that measure educational efficiency aggregate ¢eesidn making units at the countélfonso
and St. Aubyr2006), the districtNIcCarty and Yaisawarnd993;Bankeret al. 2004) or the
school Mufiiz2002) level. In this paper we prefer to use thelent as the decision making unit
because considering separately the student backgrand the scholar resources allows us to

test the influence of school inputs on studentsults {Valdo2007).

The paper is organized as follows. Section 2 pewidn overview of the distance
function and the propensity score matching apprescand how our estimation strategy
combines both of them. In Section 3, we descrile dhta set and the selected inputs and
outputs from the Programme for International SttdessessmentRISA). Section 4 provides
the results and a discussion of our empirical aiglyThe final section summarizes the main

conclusions.

2. EDUCATION AND EFFICIENCY ACROSS PUBLIC AND GOVER NMENT
DEPENDENT PRIVATE SCHOOLS

2.1.Estimating an educational production function thragh distance functions

The educational production function represents tsshools produce educational
outputs in the form of student’s achievement ushmgr facilities and equipments, the teachers,
the students’ own characteristics, the peer-gromferactions, the supervisors and the
administrators. Followindg.evin (1974) andHanushek(1979) this relationship can be defined

as:

Yis = f(Bis'SyPis'Iis) (1)

whereYjs represents the achievement of studaitschook, usually measured by the results in
standardized tests. This output vector depends set af factors that includes socioeconomic
background B;), proxied by family characteristics; school inp&) (such as educational

material, number of teachers or school’s infrastmgs); the influence of classmates or peer-

group effect P,s) and the students’ innate abilitidg)(
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Other institutional factors may also influence tlaiation on students’ results across
schools. Some of these factors are, among othées, ntain pedagogical choices, the
organizational structure, the incentive schemeseachers’ effort and motivation. All these
variables are difficult to capture and are usuabthered into the efficiency component.
Following Perelman and Santif2011) we may estimate the educational multi-outpod

multi-input production frontier assuming ineffic@nbehaviors according to Equation (2):
Dis:g (Yis'Bis1S|s'F:i's)|is (2)

whereg represents the best practice technology used itrahseformation of educational inputs
into outputs andD is the distance that separates each studatiending schoa from the

technological boundary. The unobservable studenaten abilities,ls, are assumed to be
randomly normally distributed among the populatfonf students and to influence the
individual performance in a multiplicative way. RicEquation (2) we may, first, identify the
divergences in performance and efficiency attridutestudents and, second, test the statistical
importance of the main educational factors andithgact on students’ attainment. For the
empirical analysis, we propose a parametric digtdanction, which has been previously used
in other studies such &rosskoptkt al (1997) orCoelli and Perelmarf1999, 2000).

A flexible translog® functional form is assumed to estimate the outprénted
parametric distance function. Equation (3) shoves ghecificatioff for the case oM outputs

andK inputs:

M M M K
In Doi (X1 y) = aO +Zam Inymi +%Zzamnln ymi In yni +Zﬂk ln in +
k=1

m=1 m=1 n=1

1 K K M .
EZZﬂkI In X InX; +Zzykmln X Ny, (i=22,....N) (3)

k=1 1=1 k=1 m=1

2 The scoring of modern 1Q tests, such as the WechStiult Intelligence ScaleWechsler2008), the primary
clinical instrument used to measure adult and adelet intelligence, is now based on a projectiothefsubject's
measured rank on the normal distribution with ateemalue (average 1Q) of 100, and a standard tewiaf 15,
although not all IQ tests adhere to this standardadion.

29 The Cobb Douglas form does not satisfy the conapesition in the output dimension.

% Distance function parameters must satisfy som#iceens assymmetry and homogeneity of degree +1 for
outputs, which implies that the distance of theislen making unit to the boundary of the productsat is measured
by radial expansions.
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wherex = (x, ..., x) 0 0" andy = (y, ..., y) O O™ are the educational input and output
vectors, respectively, and sub-indexlenotes théth decision making unit in the sample. In

order to obtain the frontier surface, we getx, y) =1, which implies thainD, (xy) =0.

Following Lovell et al (1994), normalizing the output distance functignone output is
equivalent to imposing homogeneity of degree +lenTtby rearranging terms, the expression

of the traditional stochastic frontier model canelipressed through Equation (4):
=In(yy) =TLX, Y/ Ywi @, B ) e (& =U +V)) (4)

where TL(¢) denotes thetranslog functional form. The non-negative inefficiency dam

variable u=-InD,(xy) has a half-normal distributionTN(o,guz)‘ and is independently

distributed from the random noise tenm, which is independently and identically distribaites

a normal distributiorN (0,5?) .

The simple maximum likelihood estimation of Equati¢4), by adding a dummy
variable to identify differences in performance dmhool type may yield biased results given
selection concerns, especially for the Spanish. dasgferences apart, students admission into
PSor GDPSis based on a point system that is subject temifft legal criteria across different
regions. The main factors considered in the poystesn are household income, family size
(three or more siblings), the closeness of the @ddioathe student’s residence and the number of
siblings already attending the school. In additias,mentioned in the introduction, low socio-
economic families self-select themselves iR8 because they cannot afford some of the

voluntary extra-payments that are charged by 1G@®S

The ideal measurement of the true impact of theo@clownership attendance on
students’ achievement would require observing gréopmance of the same student in béts,
and GDPS However, it is only possible to observe the shiideattainment in one school. To
overcome this problem, a counterfactlialf eachGDPS student (treated) must be sought

amongPSstudents (non-treated) through a ‘quasi-experinieenaluation technique.

As we mentioned in the introduction, a wide grodipnedium income families have a
similar motivation to maximize the quality of tha&hildren’ education, but they finally attend

PS or GDPSfor different reasons such as religious beliedgology, the expected quality of

31 A student attending RS is counterfactual of a student froBDPSif both students have similar personal and
family characteristics and, have a very siméariori probability of attendingsDPS
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teachers, the management flexibility, etc. Nevéedse we observe a higher proportion of low
socio-economic students #5,who have not counterfactual @®DPS Thus, we propose the use

of the PSM technique in order to achieve a betterparison.

2.2.The Propensity Score Matching

The aim of PSM is to find a counterfactual, withitarge group of non-treated students,
closer to students in the treated group, conditigron a set of observable variabl&s that
solve the selection bi¥s(Rosembaum and Rubi®83;Heckman and Navarro—LozarRD04).

In order to implement it, we first estimate the lmbility of attendingsDPS(propensity score)

for each student through a logit analysis.

_ expzi-y
p(SI)_1+eszi'V+<( (5)

where S equals one if the student atter@®PSand zero otherwisg(S) is the estimated
probability of attendingGDPS Z; is a set of observable characteristics that détesnthe
school choicey is a set of parameters that must be estimatedfaiscthe error term. Secondly,

we use the previous estimated probabilities toinbteatched pairs of treated students and their
counterfactual. Then, from the matched subsampke,atverage impact of school ownership
attendance is calculated through the Average Tematraffect on the Treated\{T) as the
difference of the average student’s performancedmt bothGDPSandPS controlling by the

school choice variables as Equation (6) shows:
0 = E{ELY, O[S =1 p(S)]-ELY, O))S =0.p(S)]S =1 (6)

where Y, (1) and Y, (0) are the average achievements in b@mPS and PS, respectively,

supposing the two counterfactual situations oftineat (attendingGDPS and no treatment
(attendingPS). P(S) is the probability of attendinGDP Sfor the student, conditioned tdZ;.

In order to achieve a proper implementation of i@ching strategy, some properties

are imposed, such as thaconfoundedne¥s which guarantees the independence between the

32 We do think that in the Spanish educational cdrifeere are not other unobservable characteristitsencing the
school choice and results.
% The unconfoundedness or Conditional Independensemgtion (CIA) impliesiY (0),Y(@) Il S|Z,0Z.
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outcome and the treatment effect, givgror common supporthat forces the comparison only
among very close individuals, givé®*. For empirical purposes, the estimation problem u

a high dimensional vectd, was solved by Rosenbaum and Rubin (1983) who dstraied
that matching may be performed conditioning on prepensity scorep(S), instead of
conditioning on th& vector. Then, if the outcome is independent ofttbatment received for a
given setZ, it is also independent for a give(S).Finally, both groups, treated and non-treated,
must have the same distribution of observable armabservable characteristics, which means

that only very close individuals are compared.

2.3. Our strategy

We propose a new framework to analyze efficientyeducation. Two alternative
approaches are combined in order to achieve unbiasedents’ efficiency comparisons
between different school types. Firstly, the PSNdrapch is implemented to obtain unbiased
subsamples of treated and non-treated studenteaftin Spanish region with representative
sample in PISA 2006. Then, two production frontiatrghe student level, one for each school
type® and region, are estimated through the parameistartte function approach. Moreover,
three measures are built with the aim of achietirggimpact of the school ownership on the

student’s results.

Thus, our proposal consists of a three stage puveeth a first step, we estimate the
ATTthat reflects the academic performance gap betWwetinschool types focusing only on the
GDPS self selection. Secondly, we add other relevanicational factors involved in the
learning process to the last measure in order ftectedifferences in achievements between
schools. We name it Average Treatment effect oraf€ceon the production fronti€ATTpf).
Finally, with the aim of analyzing school inefficiey disparities, the third measure, Average
Treatment effect on Treated assuming school ineffay (ATTasi)is built from the main inputs

information and the average school inefficiency.

Equation (7) reflects thATT for each regional sample and discipline, usingribarest

neighbor estimatd? -the closest individual in the control group- tat@in the matched pairs:

34 An extensive review about this issue may be fanr@aliendo and Kopein¢2005)

% We assume different technologies, so the managetnierrs differ in both school types, whi@DPSteachers are
hired and fired by school principals and presemibae flexible managemerRSteachers need to pass a high difficult
state exam and they cannot be fired. Our argungenbmfirmed later on Table 9 where inputs pararsedee in
general significantly different faBDPSandPSestimations.

%8 There exist several approaches to obtain the restetithough the analysis of these alternativessses the aim of
this paper. For more insight on this topic seekman et al(1997).
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ATTS = E{EY R @S =1 p(SH]-EIY " (0))S =0, p(sP)]ls =1 0

where sub-inde indicates the corresponding output (test scorel8APand upper-indeR

corresponds to each region.

In a second step, we estimate two stochastic ptimdufrontiers, one for each regional
matched-sample. We are assuming different techredofpr each region and school type
because educational policies are decentralizeltigdavel, so the organization structure and the
economic resources devoted to each school type@reecessary the same among different
regions’. This procedure allows us to obtain a new meashesAverage Treatment effect on
the Treated on the Production Fronti&l Tp), as the difference of the average predicted dutpu

in the production frontier between ba#DPSandPSby discipline and region.
ATTpr{ = E{ yiﬁG} - E{ yiﬁp} (8)

where sub-indexG (P) refers to students attendif@DPS (PS and y° is the average

educational output vector for each production fiemand region. This measure captures the
disparities in students’ results between both sctypes, after considering all relevant inpfits
involved in the learning process and assuming tatents are fully efficiefit The
computation of this measure starts by carrying auadial projection of each student to its
estimated production frontier. We thewverage the predicted performance for all students
belonging to the same school type on their fronfldtis measure allows selecting a group of

students with relevant characteristics and onlyioirig theATTpffor this cluster of studerifs

Finally, in order to take into account the meanceafficy divergences among schools
across disciplines and regions, we define the Ayefiareatment effect on the Treated assuming

school inefficiency ATTasi)as follows:

ATTS :{E{y%e}m_g}_{{yh}m_g} 9)

37 Some divergences in the students’ results canxpkieed by the regional context due to factorstes local
economic development, the employment possibilitteg, immigrant population, the rural areas extemsiche
socioeconomic background of the population or ifferénces among their educational policies.

% Note that only school choice variables were caersid for theATT measurement.

%9 To do this we perform a radial projection of alidents to the estimated production frontier.

40 Thus, our methodology can provide a wide rangeA®Tpf and ATTasi measurements according to different
students’ typologies.
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whereuc andus are the average estimated students’ inefficiencidsoth GDPSandPSin
each region, respectively. Equation (9) represéims difference in achievements betn
GDPS and PS controlling by GDPS selfselection and incorporating the main educati

factors and the average school inefficiency fohesathool type

Figure lillustrates these three measures in a simpl-output one equal input settir
where GDPS (P9 represents thegovernmentiependent private schc (public schodl
production frontier. Let assume ttA andB are two different students, the treated and hi
counterfactual (notreated) attendinGDPSandPS respectively. The difference beeen the
two outputs produced by stude A andB corresponds with th&TT for outputsy; andy,. Then,
after considering the educational inputs, outputd ather factors that are involved in -
educational production process, we may estimateithéucton frontiers forGDPSandPS as
well as the technical efficiency for each studdihe next step is to project both studeA and
B, to their respective production frontieiC and D), being the difference between the 1
outputs in dotsC and D the ATTpf measure for outputg, andy,. Finally, by allowing for
different average students’ inefficiencies in bstthool types, thiATTasiis obtained as th

difference between the outputs obtained in E andF for outputsy; andys.

Figure 1: ATT, ATTpf end ATTasimeasures
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3. ANALISYS OF SPANISH EDUCATION IN PISA 2006

3.1. Data
In our empirical analysis, we use Spanish data IPISA2006 Report which provide

data from 15 years old students attending schootse of the te regions that decided to ta

part in the evaluation with an extended represimetatample of their population (Andalus

68



Does the school ownership matter? An unbiased cdsgra
through propensity score matching and parametistasthce functions

Aragon, Asturias, Basque Country Cantabria, Cakglen, Catalonia, Galicia, Navarre and La
Rioja). The methodology described in section Z2Zarried out for each region separately. It is
worth noting again here that the Spanish regioesfalty responsible for the management of
educational resources. Therefore, this analyssis worth for comparison purposes and as a
source of information for more efficient educatibpalicies and in order to guarantee equality
of educational opportunities. The sample includats drom 15,918 students and 564 schools

distributed across ten regions as shown in Table 1.

Table 1: Distribution of students by school owneigland region

Region Students Number of PS Number of GDPS
Andalusia 1,419 37 13
Aragon 1,376 31 16
Asturias 1,318 31 14
Cantabria 1,385 31 19
Castile-Leon 1,369 31 17
Catalonia 1,149 29 11
Galicia 1,381 36 11
Navarre 1,489 22 20
Rioja 1,240 30 19
Basque Country 3,797 63 83
TOTAL 15,923 341 223

Source©Own compilation from PISA 2006 database.

3.2. Variables

Control variables for the PSM analysis

The first step of our estimation procedure involeesaining matched pairs of students
through the PSM analyéis In this stageSchoolis the dependent variable that reflects the
treatmenri? and the set of covariates includes variables #natdirectly correlated with the

parents’ school ownership choideafed, Hisei, ImmigranandCity).

Pared and Hisei represent the index scores for the highest edwwti and

occupationdf level of parents, respectivelfParedis measured as estimated years of schooling

41 As a consequence of imposing balancing propertertsure that only students with the same probgbilit
attendingGDPSare matched, the total sample size reduces frq@1830 15,123 students.

42 PSM is generally calculated usifgred, ImmigrantandCity as control variables, with the exception of Basque
Country and Castile-Leon whekseiis used instead #faredto impose the balancing property.

43 parental educatiorPéred is classified usingSCED (OECD, 2000). Indices on parental education are constriuc
by recoding educational qualifications into thddwling categories: (0) None; (13CED1 (primary education); (2)
ISCED2 (lower secondary); (35CEDLevel 3B or 3C (vocational/pre-vocational upper setaoy); (4)ISCED 3A
(upper secondary) and/tBCED4 (non-tertiary post-secondary); (5CED5B (vocational tertiary); and (6CED
5A, 6 (theoretically oriented tertiary and postedyrate).

44 Hisei is the higher level labor occupation of any of gtedent's parents according to the Internationalio
Economic Index of Occupational Status (ISEI). Forendetails se&anzeboom et gl(1992).
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andHisei reflects the highest occupational status of eidi¢he parents. Our hypothesis is that

the probability of attendinGDPSincreases witlParedandHisei.

Immigrant statusThis factor has received increasing attentiorheliterature in recent

years Witte 1998; Gang and Zimmerman2000; Entorf and Minoiu 2005; Cortes 2006;
Schnep008). In the case of Spain this is an especialgvant covariate due to the growth of
the immigrant population at school age during tst Hecad@ Several studies have recently
analyzed the influence of this factor on the acdadeauhievement of Spanish students using
PISA data Chiswick and DebBurma004; Calero and EscardibuR007; Zinovyevaet al.
2008; Calero and Waisgrai2009; Mancebdn et al2010). A control for immigration status is
included in both the PSM and the efficiency analybrough three different dummy variables.
The one included in the PSM analysisnmigrantand takes value one when the student and/or
his/her parents was/were born abroad and zerovaeerOur hypothesis is that the probability

of attendingGDPSdecreases when the student is an immigrant.

The community size is captured by the variaBigy, which takes value one if the
community is a city of more than 100,000 inhabteaantd zero if the school is located in a town,
small town or villag&€. Following Vandenberghe and Robif2004), who showed positive
influence of household location on school choiees,consider it as a control variable for the
PSManalysis fIcEwan2001;Sander2001;Perelman and Santi2011).

The dependent variable in the PSM analySishooltakes value one when the student
attendsGDPS and zero foPS attendance. As we remarked in the introductionhef paper,
according to the literature, the expected influeotthis variable on students’ achievements is

not clear.

Inputs for the parametric distance function approlac

We use four different inputs for the distance fiorcestimation described in Equation
(3) (Scmatedu, Escs, Peer and Pcgffigointly with seven control factorsRepone, Repmore
Schsize, Stratio, Firstgen, Secgen and Géntert do not interact with other variables in the

translog production function. All of them are directly inived in the student learning process

4 According to Spanish official educational statistcaptured by MEC (2008), foreign students in noiversity
education have grown from a total number of 72,8398 to 695,190 in 2008.

“¢ The population size for a village, hamlet or ramea is fewer than 3, 000 people; 3, 000 to abbud00 people in
a small town; 15,000 to about 100, 000 peopletmaan; 100, 000 to about 1,000, 000 people in aanity for a large
city with or over 1,000, 000 people.

47 We have considered that all the inputs variabtescantinuous and show significant positive cotietes inside
each school type and across all the regions. Thainéng control variables are categorical varialftesnmies) or do
not fulfill in our database a clear significant tio® correlation with outputschsize
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and are expected to have a positive influence atests’ performance. Including the control
variables in the educational production functidowas us to analyze their impact over academic

results.

Scmatedt? represents the quality of the school resourcess Variable is an index
derived from school principals’ responses to sewems related to the availability of
educational resources such as computer for didasis, educational software, calculators,
books, audiovisual resources, and laboratory eqeipmPrevious research is inconclusive
regarding the role of school resources on academiiformance. While some studies show a
positive influencgCarroll 1963;Krueger1999), others find that there is no direct cotreta
between more school inputs and better academicomas (Hanushek1986, 1997, 2003;
Cordero et al2010a, 2010b).

Escsreflects the acio-economic backgrouraf each student. It is an index of student’s
economic, social and cultural status created byARdBalysts from three variables related to
family background. The first variable is the indek highest level of parental education in
number of years of education according to th&ernational Standard Classification of
Education ISCED OECD 1999). The second variable is the index of higheatental
occupation status according to International Secioromic index of Occupational Status
(ISEl, Ganzeboonet al 1992). The third variable is the index of edumadl possessions at
home.

Peerincorporates information about the characteristitstudents’ classmatés This
variable is defined as the average of Bsesvariable of students that share the same school as

the evaluated one.

Pcgirls is an index of the proportion of girls at schdwhttis based on the enrolment
data provided by the schools’ principals. It is poted by dividing the number of girls by the
total number of students at the school. We intredtids variable in order to test if higher
proportions of girls imply better academic reswts it was found for Spain bgalero and
Escardibul2007;Calero et al 2009 andalinas and Santia012.

Repeat once (Repone&nd Repeat more (Repmor@ye two dummy variables that

capture whether or not students have repeated om®i@ than one school year, respectively.

“8 Since positive and negative values can be fourderoriginal variable, we have re-scaled all thkigs in order to
have only positive values for the input variables.

4° For a more detail review about the effect of thesgables on students’ results fetts and Shkolnik2000) or
Hanushelet al. (2001).
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This phenomenon is quite important in the case pHiry where the repetition rate is much
higher than in other countries from the OE€MFuentes2009). Again, the effect of this
variable on educational results is not clear. A fprevious papers find a certain positive
correlation Pierson and Connell992; Roedericket al. 2002) between repetition rates and
academic performance, but the majority of previsuglies conclude that repetition leads to a
reduction of academic performance and to a corsieincrease in the probability of students’
dropping out Holmes and Mathewk984;Shepardet al. 1996;Alexanderet al. 2003).

School siz€Schsizgindicates the total number of students in thevethrhe influence
of this variable in the educational process has béen tested in previous studies. Some papers
support that schools with more students have bedteits Bradley and Taylod998; Barnetet
al. 2002) while others find no influence of size daodents’ results Hanushek and Luque
2003), and even others that lower school sizesceedhe dropout rate and the proportion of

early school-leavingMora et al.2010).

Classroom siz&Stratio) is the teacher-student ratio. It is measuredhasnumber of
full-time equivalent teachers per a hundred of etiislin the calculation of full-time equivalent
teachers, part-time teachers contribute 0.5. Thigmble is usually considered as a school input
in the educational efficiency analysis due to sehoelies that find a direct relationship between
reduced class size, more labor resources devotecdtaation, and higher academic
performanceCard and Kruegef 992;Hoxby2000;Krueger2003;Mora et al.2010).

Firstgenindicates the immigrant origin. This variable takesue one when the student
and at least one of his/her parents were born dbi®anilarly, Secgerdenotes a student that
was born in Spain but at least one of his/her pareras born abroadvhich allows us to

identify the first and second generation immigrants

Gendertakes value one for girls and zero for boys. Séwatralies, such aBalero and
Escardibul (2007) andviancebon et al(2010) in Spain, find a better performance on iread
for girls, but just the opposite on mathematics aciénce, where boys achieve higher results
from PISA 2006.

Tables 2-3 report the average inputs B8 and GDPSin each region. These figures
show that, as we expected, students who at@®DdPS present a higher socioeconomic

background. Likewise the student-teacher ratiothadschool size is always lowerRg while

%0 More than 40% of Spanish students have repeatedrae almost once in 2006 (source PISA 2006).
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the proportion of immigrant and repeater studenth® quality of the scholar resources
is usually higher, with the exception of Andalusiad Aragon, being the only regions where
both, repeating several years and the quality dioskc resources, are higher f@DPS,
respectively. ASGDPSare privately managed they try to minimize allitlo®sts which implies
optimizing educational resources and maximizingdlass sizes because more students imply
more voluntary-fee incomes. Finally, it is worthmtiening these input differences among both

school types are not so wide in Catalonia.

Outputs and plausible values

The educational output is very difficult to measulge to its inherent intangibility.
Education does not consist only on the abilitydpeat information and answer questions, but
also involves the skills to interpret informatiomdato learn how to behave in society. In spite of
the multi-product nature of education, most stuthi@ge used as outputs the results obtained in
cognitive tests since they are difficult to mangialand respond to administration demands. But
perhaps, aBloxby(2000) states, the most important reason coultidteboth policy makers and

parents use this criterion to evaluate the edugalioutput.

In this study we use the test scores obtained bgests in the three competences
evaluated inPISA (mathematics, reading comprehension and sciensejhe vector of
educational output. One of the main advantageti@PtSA study is that it does not evaluate
cognitive abilities or skills through a dichotomoragiable (PASS, NOT PASS), so each student
receives a score in each test within a continuoakesOn the other hanB|SAuses the concept
of plausible values to measure the students’ pmdorce, which corresponds with five random
values from the students’ results distribution xcte discipling. This approach let us to
consider the wide margin of error in the measuradfievements due to the fact that these
measures are abstract, complex and subject topieas circumstances of students and their

environment on the date of their exams.

Table 4 reports the average plausible vafules the three tests (mathematics, reading
comprehension and science) in bé&B and GDPS after controlling the selection bias. Five
different plausible values in the three tests @@duas outputs in tHeSMand the educational
efficiency analysis respectively. In order to obtainbiased results five different efficiency

analysis for each trio of plausible values arenestied and afterwards averaged, instead of using

%1 For a review of plausible values literature Mislevy et al(1992). For a concrete surveyRéschmodel and how
to obtain feasible values and estimationBIi8A seeOECD (2005).

%2 From now on and for presentation purposes we @pyprt the mean results of analyzing the five plasvalues
in each discipline.
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mean values to obtain only one efficiency measOeGD 2005). Similarly, five differenATT

measures for each plausible value and region &elaged and averaged.
As Table 4 showsGDPSoutperformPS The average of the students’ performance is

higher for GDPSin all disciplines and regions. It is also renzdle that, generally, standard
deviations are higher fétScompared with theiGDPScounterparts.

Table 4: Descriptive statistics of PSM outputs sdenp

GDPS PS
Obs Math Read Scie Obser Math Read Sc¢ie

Andalusia 353 Mean | 478.04 464.88 485.3% 1,039 Mean 466.77 447.34  479.58
Std. Dev.| 83.50 81.93 85.45 Std. Dev. | 83.55 85.82 87.32

Aragon 451 Mean | 521.58 492.70 525.24 924 Mean 506.82 475.76 505.87
Std. Dev.| 93.53 84.38 82.38 Std. Dev. | 97.99 87.88 89.92

Asturias 374 Mean | 498.65 491.21 517.68 941 Mean 495.29 47254 503.0%
Std. Dev.| 78.82 81.76 79.98 Std. Dev. | 80.19 82.15 82.05

Cantabria 489 Mean | 508.46 485.44 519.29 894 Mean 504.13 474.90 509.47
Std. Dev.| 79.65 80.93 82.86 Std. Dev. | 87.38 86.38 85.07

Castile 458 Mean | 527.12 499.62 531.54 902 Mean 512.87 472.73 519.65
Leon Std. Dev.| 76.50 72.21 76.42 Std. Dev. | 83.50 75.30 80.71

Catalonia 328 Mean | 494.70 487.65 504.03 773 Mean 475.84 466.89 480.54
Std. Dev.| 77.83 85.96 79.19 Std. Dev. | 82.92 87.10 88.49

Galicia 296 Mean 509.77 506.36 526.14 1,084 Mean 489.44 471.99 499.0%
Std. Dev.| 84.40 88.87 85.80 Std. Dev. | 81.30 88.82 86.44

Navarre 605 Mean 537.67 496.09 529.99 877 Mean 504.36 468.12 498.07
Std. Dev.| 85.32 71.94 85.03 Std. Dev. | 89.71 82.37 88.99

Rioja 563 Mean 532.31 505.82 529.48 676 Mean 523.92 486.02 517.3(
Std. Dev.| 81.73 79.09 81.64 Std. Dev. | 89.52 82.07 88.80

Basque 2,255 Mean | 515.76 502.93 509.02 1,541 Mean 487.00 473.56 481.16
Country Std. Dev.| 78.67 80.90 79.92 Std. Dev. | 87.37 92.28 84.28

TOTAL 6.172 Mean 512.41 493.27 517.78 9,651 Mean 496.64 470.99 499.37
Std. Dev. 82.00 80.80 81.87 Std. Dey. 86.34 85.02 6.218

Source: Own compilation from PISA 2006 database.

Table 5 summarizes all the information describealvabn Table 5.

76



Does the school ownership matter? An unbiased cdsgra
through propensity score matching and parametistasthce functions

Table 5: Variable definitions

VARIABLE | DESCRIPTION

Outputs
MATH  |Student’s result on mathematics (5 plausible values
READING |Student’s result on reading (5 plausible values)
SCIENCE |[Student’s result on science (5 plausible values)
Control variables for the propensity score matchinganalysis
PARED [Highest parental education in years
HISEI  |Highest parental occupational status
IMMIGRANT[The student and/or parents' students was/werediwoad (1 = yes; 0 = no)
CITY  |School community (1 = city or large city; 0 = tovamall town or village)
SCHOOL |AttendingGDPS(1 = yes; 0 = no); Dependent variable in the logidel.

Inputs variables for the parametric distance functon approach
SCMATEDUIndex of the quality of the school’s educationaaerces
ESCS (Index of economic, social and cultural status
PEER [Average ESCS index of the student’s peer group
PCGIRLS [Proportion of girls in the school
Control variables for the parametric distance functon approach
REPONE ([The student has repeated a school year (1 = yesi0)
REPMORE](The student has repeated more than one schoo{lyeayes; 0 = no)
SCHLSIZE |Number of students in school
STRATIO |The weighted number of teachers per 100 students
FIRSTGEN|The student and at least one of the parents werediwoad (1 = yes; 0 = no)
SECGEN [The student was born in Spain but at least onkeopairents was not (1 = yes; 0 = no)
GENDER [The student gender (1 = girl; O = boy)

4. EMPIRICAL ANALYSIS

In this section, we present the main results obthim our analysis. Firstly, Table 6
shows the logit results. As expected, the varialokdated to the student’s socioeconomic
background are positive and significant in all oggi, so we may conclude that the probability
of attendingGDPSincreases when the family present less problena$food the voluntary fee.
Moreover, being an immigrant reduce significanthe tprobability of attendingsDPS in
Andalusia, Aragon, Basque Country, Catalonia, N&vand Rioja. Finally, living in a city or
big city is also highly related to the probability attendingGDPS although in Asturias this

relationship is only significant at the 90% level.
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Table 6: Mean Logit regression

Hisei

Region
Andalusia|
Aragon

Asturias

Basque
Country

Cantabria

Castile
Leon

Catalonia
Galicia
Navarre

Rioja

Obs
1,419
1,376
1,318
3,797
1,385
1,369
1,149
1,381
1,489
1,240

Coeff
-2.373
-1.924
-1.738
-0.122
-1.519
-1.830
-2.011
-2.550
-2.326
-1.678

cons Pared
Std.DevProb | Coeff Std.Dev.Prob
0.184 0.00Q 0.098 0.015 0.000
0.215 0.00Q0 0.054 0.016 0.00%
0.229 0.00Q 0.061 0.018 0.001
0.099 0.218

0.213 0.00Q0 0.049 0.017 0.004
0.172  0.00d

0.229 0.000 0.048 0.018 0.007
0.227 0.00Q 0.083 0.019 0.000
0.214 0.00Q0 0.109 0.016 0.004
0.214 0.00Q 0.083 0.017 0.000

Coeff Std.Dev. Prob

0.008 0.002 0.00d

0.023 0.003 0.00d

Immigrant City
Coeff Std.Dev.Prob | Coeff Std.Dev.
-2.527 1.022 0.0130.723 0.129
-1.421 0.347 0.00Q0 1.031 0.126
-0.586 0.460 0.203 0.233 0.127
-1.561 0.202 0.00Q 0.515 0.071
-0.165 0.316 0.601 1.102 0.126
0.018 0.358 0.9600.253 0.123
-0.995 0.259 0.00Q0 1.382 0.139
-0.372 0.444 0.403 1.165 0.148
-0.586 0.249 0.0191.418 0.116
-1.137 0.293 0.00q9 1.087 0.123

Prob
0.00d
0.004
0.066
0.00d
0.004
0.044
0.004
0.00d
0.004
0.00d

Source: Own compilation from PISA 2006 database.

Secondly, we report the traditionAITT measure of the impact of attendi@PPS

across regions. Then, tAd TpfandATTasiare presented after taking into account all releva

educational inputs and the average school ineffigién each school type, respectively.

4.1. Average Treatment Effect on the Treated

Table 7 shows the mealTT in PISA score and we also report tRdT in standard

deviation for each region referring to average |t&jpain PISA score. A positive (negative)

difference implies that in averag@DPS (PS students perform better (worse) than tHe8
(GDPS counterparts.

Table 7: ATT in PISA score and in standard deviatiacross Regions

Obs Mathematics Reading Science
Region N ATT ATT(Std.Dewvalue| ATT ATT(Std.Dev)t-value| ATT ATT(Std.Dev)t-value
Andalusia 1393| 2.16 0.03 0.43| 8.52 0.11 1.70 -7.59 -0.09 -1.42
Aragon 1376| 4.33 0.05 0.74| 9.87 0.11 189 6.50 0.07 142
Asturias 1316| -4.81 -0.05 -1.00| 12.71 0.15 246 | 7.32 0.08 1.50
Basque Country3797| 17.67 0.20 5.64|15.72 0.18 5.08 |17.25 0.20 5.48
Cantabria 1383|-10.10 -0.12 -2.15 | -3.52 -0.04 -0.72| -4.51 -0.05 -1.03
Castile-Leon | 1360| 0.99 0.01 0.15]18.11 0.21 3.25 | 0.65 0.00 0.11
Catalonia 1101| 16.49 0.19 2.88 [16.12 0.19 2.54 |(18.42 0.21 3.25
Galicia 1380| 4.89 0.06 0.87]23.26 0.28 4.01 |13.42 0.16 2.29
Navarre 1483| 21.28 0.25 3.99 [22.83 0.27 4.74 | 22.70 0.26 3.81
Rioja 1239| -5.39 -0.07 -1.06| 8.25 0.10 1.7y -2.44 -0.03 -0.46

Source: Own compilation from PISA 2006 database.
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The most significant impact of attendi@PPSis observed in Navarre, where students
present the highest significant and posit®veT in all disciplines, being the mean differential
about 22 points irPISA score and 0.26 standard deviations from averaggg 8painPISA
scores. A similar effect is observed in studentenflBasque Country or Catalonia, where all
parameters are positive and significant. On theerottand, the significant superiority &S
students from Cantabria on mathematics should gklighted; where non-treated students
outperform 0.12 standard deviations treated onesorglly, we observe that the average impact
of attendingGDPSis higher (lower) on reading (mathematics) inratlions and, on the other

hand, there is an important variability in thiseeff among regions and disciplines.

4.2. Average Treatment Effect on the Treated on tweduction frontier

Results presented in section 4.1 show a betteoqesihce ofGDPS students in all
regions, with the exception of the significakif T on Mathematics in Cantabria. However, this
approach does not take into account all the esderdriables in the educational production
function once school choice has been done, sutheastudents’ socioeconomic background,
the peer-group effect or the school variables.i®@mrder to measure correctly the efficiency
impact of attendingsDPS we estimate five output distance functions, ome dach trio of

plausible values, for both school types in eaciorég

First order output parameters are mostly positivé significant which means that the
efficiency increases whemeteris paribus the performance in these subjects improves. The
opposite effect happens with the main input coigffits, which are generally negative and
significant in all regional estimations. These tessimplies that an input expansion suppose a
reduction in the students efficiency keeping thgpouvector fixed. With the aim of check the
best estimation each case, we use the likelihoet which allow us to test th&anslog

functional form, with(out) output-input separabjlior thequadraticone.

Furthermore, in order to facilitate the interpritatof parameters, the original variables
were transformed into deviation to the mean valsesfirst order input parameters should be
interpreted as the partial elasti¢ftyat mean values. We observe that the impact of
socioeconomic background on achievements is gdéyenajher for GDPS across regions;
however students attendin@S benefit more from the peer effect than th&DPS

counterfactuals. The proportion of girls presenp®sitive impact on the student’s performance,

*3 One hundred distance functions were estimatelowdh for the sake of simplicity we only report the
average value for each school type and regionamtpendix of this paper.

* Note that the sign of the first order inputs paeters may be turned in order to facilitate the
interpretation of output-input elasticities.
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especially inPS while the repeater or the immigrant conditionglize the students’
achievements, being this effect even highdP$ Finally, boy students seem to perform better

than girl ones.

From both,GDPS andPS regional distance function estimations we mayaiobthe
measurement oATTpf This one allows us to analyze the average imphaattending aEGDPS

after considering all educational inputs and plgaach student on its own production frontier.

As we mentioned above, we may project each studenis/her production frontier and
average the results or, instead this, selectimp@apgor a typical student to analyze the impact of
attending aGDPS For the sake of simplicity in this study th@ TpfandATTasiare calculated
for two hypothetical male non-repeater Spanishesitgl(all dummy variables take value zero)
with average inputs and control variables. We thirdt this mean student projected against the
two production frontiers illustrate better the meampact of attending &DPS instead of
averaging the results of all students with veryedént characteristics in terms of inputs and

control variables.

Table 10 reportATTpfin PISA score and in standard deviations from average tota

SpainPISAscores for each disciplifie

Table 10: ATTpf in PISA score and in standard deti@n across Regions

Obs Mathematics Reading Science
ATTpf ATTpf ATTpf

Region N | ATTpf (Std.Dev) | t-valugATTpf| (Std.Dev) | t-valug ATTpf| (Std.Dev) | t-value
Andalusia 1,393| 13.13 0.15 5.89 | 12.59 0.15 6.88 | 13.44 0.16 6.17
Aragon 1,376 8.24 0.09 2.71 | 25.95 0.30 257 | 8.18 0.09 2.85
Asturias 1,316| 10.07 0.12 3.06 | 9.66 0.11 2.98 | 10.28 0.12 3.31
Basque Country3,797| 1.82 0.02 -0.11] 1.71 0.02 -0.13 1.80 0.02 -0j12
Cantabria 1,383| 41.43 0.48 29.20 | 40.24 0.47 29.91 | 40.90 0.47 31.58
Castile-Leon | 1,360| -2.19 -0.03 -1.49| -2.06 -0.02 -1.62  -2.22 -0.03 541
Catalonia 1,101| 38.65 0.44 14.86 | 35.96 0.42 14.14 | 39.13 0.45 13.43
Galicia 1,380| 24.09 0.28 4.43 | 23.57 0.28 4.15 | 24.36 0.28 4.35
Navarre 1,483| 25.80 0.30 7.48 | 25.22 0.30 7.95 | 26.30 0.30 7.61
Rioja 1,239| 62.36 0.72 22.75|57.79 0.68 21.33|61.54 0.71 22.36

Source: Own compilation from PISA 2006 database.

Figures from Table 10 show a predominance ofGB¥Son academic achievement in
all disciplines after all educational determinaate consideredHence, once the educational

inputs and the full efficiency are taking into agng GDPSstudents, close to the mean values

% Three predicted values (Mathematics, Reading aieh8e), one for each distance function estimation,
are obtained.
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in inputs and control variables, perform signifitgretter than their public counterparts in all
regions and subjects, with the exception of Basgoentry where no significant differences are
found and Castile-Leon, where this gap favors putthool student&SDPSadvantage is about
0.72 (0.48) standard deviations from average ®painPISAscores in Rioja (Cantabria). We
also observe a higher variability of the schooletympact across regions, which differs from
0.75 standard deviations from averd@SA scores between students from Castile-Leon and
Rioja to 0.24 between students from Castile-Leoth @antabria, being these differences 0.33
and 0.06 usindATT measure. On the other hand, the students’ rediifeyences by school
ownership measure usingTTpf are generally lower (higher) on Reading (Matheosatind

Science).

4.3. Average Treatment Effect on the Treated assumj school inefficiency

The last step of our procedure is to correct Afid pf measurement across regions in
order to allow for school types divergences in shadents’ performance once the efficiency
component is taken into account. From our pointi@fv, this measurement is a good tool to test
whether exists or not equality of educational opputies within each region. Table 11 reports
ATTasiin PISAscores and in standard deviations. Firstly, wenlesan increment of tteDPS
impact with respect t&TT after allowing for different efficiency behavioasnong both school
types, although there is not a specific patterramdigg to ATTpf Secondly, some regions
present a higher averagémpact of attending &DPSusingATTasicompared tATTpf such
as Basque Country, Cantabria, Castile-Leon, Gadioid La Rioja. Hence&;DPS students are
relatively more efficient thaPS ones in these last regions. On the contrary, inlafusia,
Aragon Asturias, Catalonia, and Navarre, the avefdglpfvalues are higher thakT Tasiare.
These last results indicate the performance ofipuohool students in those regions improve
using ATTasj which suggests there are some divergences iciezfly between both school
types across regions. In addition to this, Cantéalidialicia and La Rioja are the regions with the
higher ATTasi values. We think that in these three regions tHacational equality of
opportunities could be in danger if the school choactually matters in terms of higher test
scores ofGDPS Nevertheless, more research is still necessapyder to analyze the evolution

of this result.

On the other hand, Castile-Leon is the only regidmere there are no relevant
differences between both educational systems. Wagh to highlight here that, whereas the
average impact of attending@DPSis negative on the production frontigkTTpE -2.19 on

Math), this value turns to zero considering meamdest efficiency divergences in both school

%% This measure refers to the average ofli@pfin the three disciplines for each school type magion.
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types ATTasF 0). In other words, in this region the best aptior a family who is seeking a
school would be to attend the most effici®@ However without any efficiency information

the second best would be a more efficient (at thkamvaluelsDPS

Table 11: ATTasi in PISA score and in standard datton across Regions

Obs Mathematics Reading Science
ATTasi ATTasi ATTasi
Region N | ATTasi (Std.Dev) | t-value| ATTas(Std.Dev) t-value| ATTasi| (Std.Dev) t-value
Andalusia 1,393| 12.83 0.15 12.76| 12.30 0.14 1296 | 13.14 0.15 12.72
Aragon 1,376| 10.92 0.13 798| 1028 0.12 831 10.97 0.13 11.13
Asturias 1,316| 6.42 0.07 1.78| 6.15 0.07 1.77 6.55 0.08 1.81
Basque Country3,797| 2.69 0.03 1.02 2.52 0.03 1.19 2.66 0.03 1.p0
Cantabria 1,383| 46.22 0.53 81.23| 44.89 0.53 75.90 | 45.63 0.53 112.74
Catille-Leon 1,360 0.08 0.00 -0.27 0.08 0.00 -0.29 0.08 0.00 -0.28
Catalonia 1,101| 27.24 0.31 16.58| 25.35 0.30 16.25 | 27.58 0.32 1495
Galicia 1,380| 31.76 0.36 14.19| 31.09 0.36 13.25 | 32.12 0.37 15.09
Navarre 1,483| 15.61 0.18 737| 1529 0.18 6.70 15.89 0.18 7.12
Rioja 1,239| 64.17 0.74 58.04| 59.46 0.70 50.80 | 63.32 0.73  65.66

Source: Own compilation from PISA 2006 database.

In order to illustrate the potentiality of our appch, Figure 2 shows three different
examples of ATTpf and ATTasi in Mathematics for Asturias, Cantabria and Cadtden
respectively. As we can séePPSfrontier (GDP9 is always above the public oregj, which
implies a better technology transforming educatiémauts into academic attainments. The first
graph (Cantabria) represents the situation wheréntipact of attending @DPSis higher when
ATTasiis used instead &XTTpf This information points out that, once taken iatount the
mean efficiency in both school typgSPPS students perform even better thHas ones. This
result suggests a significant management probleRSioompared withGDPS In Asturias the
situation is similar, howeveATTpf is higher thanATTasiand this means that when mean
efficiency is considered the gap between both ddigpes reduces from 10.07 to 6.42, pointing
out thatPSare more efficient thaGDPS Finally, Castile-Leon represents the only casereh
the difference in favor oPS using ATTpfreverses to zero consideridd Tasi This situation
seems to indicate that although best schoolgpabbéic managedhis group is more inefficient

on average than their government-dependent progieterparts.

82



Does the school ownership matter? An unbiased cdsgra
through propensity score matching and parametistasthce functions

Figure 2: Some ATTpf and ATTasi examples for Cantah Asturias and Castile-Leon
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Source: Own compilation
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5. CONCLUSIONS

In this paper, we propose an original approach idewo to compare students’
achievements and efficiency divergences among finalicly financed school types. Firstly, we
use propensity score matchirSM in order to obtain unbiased students comparibetseen
different school types. This technique allows us nmatch treated students with their
counterfactuals to guarantee we compare homogemgoups. Secondly, we analyze through a
stochastic distance function the educational difiees by school type from tHeSM sub-
samples. Thirdly, the implementation of both metiodies simultaneously allows us to
enhance the conclusions obtained after calculdtiacAverage Treatment of the Treated on the
Production Frontier ATTp) and the Average Treatment of the Treated assuragimol

inefficiency ATTas).

Following this aim two different output distancenéitions were estimated by school
ownership, usindSMsubsample in each Spanish region for bB®andGDPS The results in
terms of ATTasiseem to reflect divergences in performance betweth school types and
across regions. Hence, we observe @i2aPSstudents perform significantly better thia8ones
in Andalusia, Catalonia, Navarre and Basque Coumthpse decentralization in education was
in the early eighties. This results seem to indi¢hat the own mechanisms and organization in
theseGDPS are generally more adequate than the ones in oiggons. On the other hand,
students from La Rioja benefit more from publicaals, so it is the only Spanish region where
PSstudents perform better th@DPS

We think that our model allows us to detect thet lsehools in terms of efficiency in
order to use these references to do benchmarkimgpfernment dependent private schools and
public ones. Moreover, we consider that this apgmos a good tool to measure and to
supervise the equality of educational opportuniteacept. From our point of view it is not
admissible that a student could be penalized inentban half standard deviation due to

technological and efficiency differences betweehligly financed schools.

To summarize we do believe that the conceptual dveonk presented in this paper,
based on the joint use BSMand distance function at the student level, togethth the two
new measurements for reflecting the school typéemihces. Furthermore, this approach
provides an appealing methodology for policy makersorder to benchmark the best
educational practices, avoiding unfair comparisbesveen theyovernment dependent private

and the public systems. However, a similar analgsuld be developed continuously in time
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to evaluate the evolution of these results to enthe equality of the educational opportunities

in Spain and with the clear purpose of improving ¢aducational efficiency.
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APPENDIX®

Tablel: Stochastic Distance Function for GDPS in Adalusia

Variables Coeff. Std. Dev p-value | Variables Coeff. Std. Dev. p-value
Intercept -0.306 0.099 0.006 |(Lnx,)? 0.085 0.363 0.722
Outputs (LNnx,)? 0.418 0.353 0.253
Lny; (math scorg 0.392 (Lnxg)? 1912 4552 0.511
Lny, (reading scorg 0.510 0.134  0.000 |(Lnx,)? -0.269 8.093 0.614
Lnys (science scofe 0.098 0.184 0.554 | (Lnxq)(Lnxy) 0.135 0.172 0.538
(Lny,)? 3.924 (Lnx,)(LNnxs) 0.009 1.614 0.627
(Lny,)? 2.419 0.632 0.000 |(Lnxg)(Lnxg) 1.120 1.318 0.437
(Lnys)? 4443 1426  0.015 |(Lnxp)(Lnxs) -0.268 0.430 0.609
(Lnyy)(Lnyy) -0.950 (Lnxz)(Lnxg) 0.283 0.382 0.504
(Lnyq)(Lnys) -2.974 (Lnxz)(Lnxy) 0.280 2.220 0.535
(Lny,)(Lnys) -1.469 0.799  0.147 |Input-output

Inputs (Lnxy)(Lny,) -0.693

Lnx; (Scmatedy -0.080 0.214 0.696 | (Lnxg)(Lny,) 0.413 0.317 0.241
Lnx, (EcsQ -0.099 0.071  0.253 | (Lnxg)(Lnys) -0.305 0.435 0.635
Lnx; (Pee) -0.211  0.757  0.458 | (Lnxy)(Lnyy) -0.216

Lnx, (Pcqgirls) 0.011 0.609 0.409 |(Lnxy)(Lnys) 0.521 0.344 0.206
xs (Repong 0.131 0.016 0.000 |(Lnxp)(Lnys) 1.075 0.510 0.440
Xg (Repmorg 0.229 0.021 0.000 | (Lnxg)(Lny,) -0.474

Lnx; (Stratio) -0.091 0.216  0.569 |(Lnxg)(Lny,) -0.601 0.718 0.353
Lnxg (Schsizg 0.013 0.040 0.640 |(Lnxg)(Lnys) -1.411  1.086 0.493
Xg (Firstgen omitted omitted omitted | (Lnx4)(Lny;) 0.292

X10 (Secgeh -0.171  0.109  0.139 |(Lnxg)(Lnyy) 1.118 0.682 0.160
X11 (Gendej 0.021 0.014 0.150 |(Lnxg)(Lnys) -0.082 0.953 0.586
Sigma-v -5.504 0.285 0.000 |Mean Eff. 0.725 0.070
Sigma-u -3.678 0.183 0.000 |N 353

Source: Own compilation from PISA 2006 database

" We point out in bold type the significant figuras99%.
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Table 2: Stochastic Distance Function for PS in Aaldisia

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.267 0.013  0.000 | (Lnxy)? -0.132 0.072 0.146
Outputs (Lnxy)? 0.260 0.222 0.258
Lny, (math scor 0.582 (Lnxs)? 1.017 1.381 0.465
Lny, (reading scorg 0.231 0.049 0.000 |(Lnx,)? 2.022 0.695 0.009
Lny; (science scope 0.187 0.061 0.008 |(Lnxy)(Lnxy) 0.104 0.076 0.190
(Lnyy)? 3.644 (Lnxy)(Lnxy) 0.508 0.362 0.234
(Lny,)? 1548 0.214 0.000 |(Lnxs)(Lnxg) 0.728 0.258 0.006
(Lnys)? 5.029 0.570 0.000 | (Lnx,)(Lnxy) -0.101 0.381  0.757
(Lnyq)(Lnyy) -0.082 (Lnxz)(Lnxy) 0.286 0.264 0.352
(Lnyy)(Lnys) -3.562 (Lnxz)(Lnxg) 1.135 0.989 0.393
(Lny,)(Lnys) -1.467 0.295 0.000 | Input-output

Inputs (Lnxy)(Lnyy) -0.021

Lnx,; (Scmatedy 0.045 0.019 0.039 | (Lnxy)(Lny,) -0.107 0.117 0.391
Lnx, (Ecs9 -0.140 0.028 0.000 |(Lnx;)(Lnys) 0.129 0.160 0.375
Lnxz (Pee) -0.231 0.082 0.011 | (Lnxp)(Lny,) 0.105

Lnx, (Pcgirls) -0.068 0.072  0.209 | (Lnxp)(Lny,) -0.131  0.223 0.539
Xs (Repong 0.149 0.009 0.000 |(Lnxz)(Lnys) 0.026 0.301 0.633
Xs (Repmorg 0.285 0.015 0.000 |(Lnxz)(Lnyy) 0.505

Lnx; (Stratio) 0.024 0.044 0.669 | (Lnxs)(Lnyy) -0.098 0.595 0.753
Lnxg (Schsizg -0.008 0.013  0.496 |(Lnxg)(Lnys) -0.406 0.775 0.575
Xg (Firstgen -0.023 0.084 0.688 | (Lnxg)(Lnyy) -0.849

X10 (Secgeh 0.064 0.069 0.433 | (Lnxg)(Lnyy) 0.182 0.445 0.241
X11 (Gende) 0.034 0.008 0.000 | (Lnxg)(Lnys) 0.667 0.569 0.405
Sigma-v -5.075 0.148 0.000 | Mean Eff. 0.881 0.065
Sigma-u -3.653 0.127 0.000 |N 1,039

Source: Own compilation from PISA 2006 database
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Table 3: Stochastic Distance Function for GDPS irrdgon

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.180 0.025 0.000 |xg (Repmorg 0.269 0.026 0.000
Outputs Lnx; (Stratio) 0.104 0.054 0.055
Lny, (math scorg 0.117 Lnxg (Schsizp -0.005 0.017 0.768
Lny, (reading scorg 0.366 0.043 0.000 |xg (Firstgen -0.021 0.041 0.342
Lny; (science scope 0.518 0.067 0.000 |xi0(Secgeh -0.006 0.074 0.627
(Lnyy)? 1.628 Xy1 (Gendej 0.004 0.011 0.487
(Lny,)? 0.976 0.180 0.000 |(Lnx,)? 0.060 0.100 0.557
(Lnys)? 2.453 0.643 0.002 |(Lnxy)? 0.266 0.319 0.169
(Lny,)(Lnyy) -0.076 (Lnxg)? -6.862 2.956 0.064
(Lny)(Lnys) -1.553 (Lnx,)? 0.516 0.333 0.132
(Lny,)(Lnys) -0.900 0.256  0.011 | (Lnxg)(Lnxy) 0.015 0.090 0.625
Inputs (Lnxy)(LNnxa) -0.760 0.629 0.319
Lnx; (Scmatedy -0.009 0.030 0.651 |(Lnxg)(Lnxy) 0.005 0.131 0.649
Lnx, (Ecs9 -0.168 0.038 0.000 |(Lnxp)(Lnxg) 0.572 0.612 0.438
Lnx; (Pee) 0.428 0.185 0.168 | (Lnxy)(Lnx,) 0.115 0.185 0.487
Lnx, (Pcgirls) 0.009 0.075 0.852 |(Lnxg)(Lnx,) -0.834 0.789 0.314
X5 (Repong 0.134 0.013 0.000

Sigma-v -5.283 0.224 0.000 | Mean Eff. 0.887 0.063
Sigma-u -3.751 0.181 0.000 |N 451

Source: Own compilation from PISA 2006 database
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Table 4: Stochastic Distance Function for PS in Agan

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.244 0.015 0.000 |xg (Repmorg 0.267 0.017 0.000
Outputs Lnx; (Stratio) 0.104 0.048 0.036
Lny; (math scorg 0.226 Lnxg (Schsizp 0.007 0.014 0.611
Lny, (reading scorg 0.391 0.033 0.000 |xg (Firstgen 0.058 0.016 0.000
Lny; (science scope 0.383 0.047 0.000 |xi0(Secgeh 0.057 0.054 0.329
(Lnyy)? 2.901 X11 (Gendej -0.011 0.009 0.261
(Lny,)? 1.088 0.103  0.000 |(Lnxy)? 0.072 0.074 0.346
(Lnys)? 2.330 0.532 0.000 |(Lnxy)? -0.459 0.245 0.071
(Lny,)(Lny>) -0.830 (Lnxs)? 2.899 1.927 0.150
(Lny;)(Lnys) -2.071 (Lnx,)? 0.553 0.430 0.225
(Lny,)(Lnys) -0.258 0.226  0.333 | (Lnxy)(Lnxy) 0.057 0.078 0.475
Inputs (Lnxy)(Lnxy) -0.045 0.421 0.872
Lnx; (Scmatedy -0.022 0.021  0.322 | (Lnxy)(Lnxy) -0.156 0.173  0.384
Lnx; (EcsQ -0.091 0.028 0.002 | (Lnxp)(Lnxs) 1.351 0.447 0.003
Lnx; (Pee) -0.057 0.096  0.587 | (Lnxp)(Lnxy) -0.094 0.181 0.615
Lnx, (Pcgirls) 0.007 0.061 0.763 | (Lnxs)(Lnxy) -0.361 0.711  0.625
X5 (Repong 0.130 0.010 0.000

Sigma-v -5.049 0.143 0.000 | Mean Eff. 0.881 0.065
Sigma-u -3.650 0.125 0.000 |N 924

Source: Own compilation from PISA 2006 database
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Table 5: Stochastic Distance Function for GDPS irsfArrias

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.207 0.040  0.000 | (Lnx,)? 0.049 0.229 0.637
Outputs (Lnx,)? -0.372 0.390 0.406
Lny, (math scor 0.451 (Lnxg)? -14.466 5.698 0.016
Lny, (reading scorg 0.254 0.084 0.014 |(Lnx,)? 5.487 2995 0.081
Lny; (science scope 0.295 0.123  0.039 | (Lnxy)(Lnxy) -0.244 0.108 0.048
(Lnyy)? 3.425 (Lnxy)(Lnx3) 1.239 0441 0.014
(Lny,)? 2.300 0.497 0.000 |(Lnxy)(Lnxg) 0.692 0.273 0.013
(Lnys)? 3.199 1.003 0.007 |(Lnxp)(Lnxs) 1.632 0.714 0.045
(Lnyy)(Lny,) -1.263 (Lnxz)(Lnxg) -0.466  0.443 0.367
(Lnyy)(Lnys) -2.162 (Lnxz)(Lnxg) -1.390 1.737  0.459
(Lny,)(Lnys) -1.037 0.648 0.216 |Input-output

Inputs (Lnxy)(Lny1) -0.139

Lnx; (Scmatedy -0.018 0.101 0.640 | (Lnxy)(Lny,) -0.120 0.149 0.441
Lnx, (Ecs9 -0.233 0.057 0.000 |(Lnxg)(Lnys) 0.259 0.222 0.301
Lnx; (Pee) -0.232 0.444 0.620 | (Lnxy)(Lny,) 0.106

Lnx, (Pcgirls) 0.289 0.168 0.114 |(Lnxp)(Lny,) 0.341 0.337 0.351
X5 (Repong 0.147 0.013 0.000 |(Lnxp)(Lnys) -0.447 0.509 0.450
Xs (Repmorg 0.244 0.027 0.000 |(Lnxg)(Lny,) 0.224

Lnx; (Stratio) -0.032 0.080 0.676 |(Lnxs)(Lnyy) -0.310 0.818 0.629
Lnxg (Schsizg 0.048 0.037 0.214 | (Lnxg)(Lnys) 0.086 1.270 0.554
Xg (Firstgen 0.011 0.049 0.657 |(Lnxg)(Lnyy) -0.283

X10 (Secgeh 0.316 0.103 0.006 |(Lnxg)(Lnyy) -1.152  0.504 0.040
X11 (Gende) 0.025 0.012 0.066 |(Lnxg)(Lnys) 1435 0.748 0.089
Sigma-v -5.438 0.238 0.000 | Mean Eff. 0.900 0.056
Sigma-u -4.019 0.205 0.000 |N 374

Source: Own compilation from PISA 2006 database
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Does the school ownership matter? An unbiased cdsgra
through propensity score matching and parametistasthce functions

Table 6: Stochastic Distance Function for PS in Aisias

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.231 0.016  0.000 | (Lnxy)? 0.201 0.062 0.001
Outputs (Lnxy)? -0.192 0.206 0.369
Lny; (math scorg 0.434 (Lnxs)? 3.329 2,699 0.229
Lny, (reading scorg 0.310 0.042 0.000 |(Lnx,)? 1.303 0.358 0.001
Lny; (science scope 0.256 0.054 0.000 |(Lnxy)(Lnxy) -0.109 0.064 0.102
(Lnyy)? 2.653 (Lnxy)(Lnxs) 1.145 0.266  0.000
(Lny,)? 2.363 0.284 0.000 | (Lnxg)(Lnxs) 0.770 0.134 0.000
(Lnys)? 4.059 0.627 0.000 |(Lnxp)(Lnxs) -0.436 0.446  0.360
(Lnyy)(Lny,) -0.479 (Lnxz)(Lnxg) 0.035 0.169 0.835
(Lnyy)(Lnys) -2.174 (Lnxz)(Lnxg) -0.791 0.825 0.359
(Lny,)(Lnys) -1.884 0.326 0.000 | Input-output

Inputs (Lnxy)(Lnyy) 0.075

Lnx; (Scmatedy -0.076 0.018 0.000 |(Lnxg)(Lnysy) 0.039 0.104 0.600
Lnx, (Ecs9 -0.116 0.026  0.000 | (Lnxy)(Lnys) -0.113 0.147 0.422
Lnx; (Pee) -0.205 0.121  0.115 | (Lnxp)(Lnyy) -0.116

Lnx, (Pcgirls) -0.059 0.048 0.229 | (Lnxp)(Lny,) -0.009 0.188 0.599
Xs (Repong 0.124 0.009 0.000 | (Lnxz)(Lnys) 0.125 0.276  0.466
Xs (Repmorg 0.255 0.018 0.000 |(Lnxz)(Lnyy) -1.025

Lnx; (Stratio) 0.124 0.052 0.026 | (Lnxs)(Lnyy) 0.489 0.627 0.509
Lnxg (Schsizg -0.017 0.016 0.326 |(Lnxg)(Lnys) 0.535 0.875 0.574
Xg (Firstgen -0.028 0.026 0.340 | (Lnxg)(Lnyy) 0.577

X10 (Secgeh 0.024 0.055 0.600 | (Lnxg)(Lnyy) -0.495 0.248 0.114
X11 (Gende) 0.020 0.008 0.019 | (Lnxg)(Lnys) -0.081 0.331  0.557
Sigma-v -5.136 0.154 0.000 | Mean Eff. 0.898 0.053
Sigma-u -4.001 0.167 0.000 |N 941

Source: Own compilation from PISA 2006 database
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Does the school ownership matter? An unbiased cdsgra
through propensity score matching and parametistasthce functions

Table 7: Stochastic Distance Function for GDPS iraBque Country

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.163 -0.010 0.000 | (Lnxy)? -0.094 0.038 0.014
Outputs (Lnxy)? 0.002 0.186 0.782
Lny, (math scor 0.513 (Lnxs)? -1.529 0.955 0.143
Lny, (reading scorg 0.300 0.026 0.000 |(Lnx,)? -0.632 0.659 0.421
Lny; (science scope 0.187 0.033  0.000 | (Lnxy)(Lnxy) -0.086 0.057 0.147
(Lnyy)? 3.637 (Lnxy)(Lnxy) -0.076 0.130 0.571
(Lny,)? 2,552 0.213  0.000 | (Lnxs)(Lnxs) -0.194 0.207 0.365
(Lnys)? 5.620 0.504 0.000 | (Lnx,)(Lnxy) -0.346  0.283 0.235
(Lnyq)(Lnyy) -0.284 (Lnxz)(Lnxy) -0.220 0.282 0.435
(Lnyy)(Lnys) -3.353 (Lnxz)(Lnxg) 0.861 0.664 0.222
(Lny,)(Lnys) -2.267 0.279 0.000 | Input-output

Inputs (Lnxy)(Lnyy) -0.111

Lnx; (Scmatedy -0.012 0.011 0.294 | (Lnxy)(Lnys) -0.053 0.071 0.510
Lnx, (Ecs9 -0.094 0.019 0.000 |(Lnx;)(Lnys) 0.164 0.098 0.182
Lnxz (Pee) -0.145 0.044 0.001 | (Lnxp)(Lny,) -0.100

Lnx, (Pcgirls) -0.157 0.058 0.020 | (Lnxp)(Lny,) -0.031 0.155 0.693
Xs (Repong 0.147 0.007 0.000 | (Lnxz)(Lnys) 0.130 0.218 0.618
Xs (Repmorg 0.260 0.019 0.000 |(Lnxz)(Lnyy) 0.103

Lnx; (Stratio) 0.026 0.016 0.128 | (Lnxz)(Lnyy) 0.714 0.363 0.062
Lnxg (Schsizg -0.020 0.005 0.000 |(Lnxz)(Lnys) -0.817 0.473 0.115
Xg (Firstgen 0.027 0.021 0.209 | (Lnxg)(Lny,) 0.138

X10 (Secgeh -0.017 0.081 0.734 | (Lnxg)(Lnyy) -0.011 0.403 0.602
X11 (Gende) 0.009 0.005 0.109 | (Lnxg)(Lnys) -0.128 0.533  0.426
Sigma-v -5.029 -0.099 0.000 | Mean Eff. 0.895 0.054
Sigma-u -3.948 -0.109 0.000 |N 2,255

Source: Own compilation from PISA 2006 database
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Does the school ownership matter? An unbiased cdsgra
through propensity score matching and parametistasthce functions

Table 8: Stochastic Distance Function for PS in Base Country

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.210 0.014  0.000 | (Lnxy)? 0.089 0.036 0.017
Outputs (Lnxy)? 0.310 0.216 0.214
Lny, (math scor 0.524 (Lnxs)? 0.159 0.997 0.724
Lny, (reading scorg 0.249 0.036 0.000 |(Lnx,)? 4730 2.320 0.060
Lny; (science scope 0.227 0.046 0.000 |(Lnxy)(Lnxy) -0.068 0.049 0.177
(Lnyy)? 2.921 (Lnxy)(Lnxs) 0.387 0.151 0.012
(Lny,)? 0.970 0.137 0.000 | (Lnxy)(Lnxy) -0.320 0.198 0.146
(Lnys)? 3.297 0.465 0.000 | (Lnx,)(Lnxy) -0.406 0.344 0.284
(Lnyq)(Lnyy) -0.297 (Lnxz)(Lnxy) 0.507 0.403 0.229
(Lnyy)(Lnys) -2.624 (Lnxg)(Lnx,) -2.581 1.327 0.075
(Lny,)(Lnys) -0.673 0.238 0.126 | Input-output

Inputs (Lnxy)(Lnyy) -0.035

Lnx; (Scmatedy 0.009 0.012 0.460 | (Lnxy)(Lnyy) 0.200 0.063 0.012
Lnx, (Ecs9 -0.086 0.025 0.001 |(Lnxg)(Lnys) -0.165 0.089 0.165
Lnxz (Pee) -0.285 0.070 0.000 | (Lnxp)(Lny,) -0.184

Lnx, (Pcgirls) -0.143  0.098 0.157 | (Lnxp)(Lny,) -0.114 0.160 0.497
Xs (Repong 0.163 0.008 0.000 |(Lnxz)(Lnys) 0.298 0.215 0.255
Xs (Repmorg 0.297 0.014 0.000 |(Lnxz)(Lnyy) -0.066

Lnx; (Stratio) 0.020 0.023  0.388 | (Lnxz)(Lnyy) 0.402 0.429 0.366
Lnxg (Schsizg 0.010 0.007 0.213 | (Lnxs)(Lnyy) -0.336 0.543 0.589
Xg (Firstgen 0.052 0.014 0.000 |(Lnxg)(Lnyy) -0.073

X10 (Secgeh -0.054 0.042 0.262 | (Lnxg)(Lny,) 1.086 0.563 0.130
X11 (Gende) 0.008 0.007 0.208 | (Lnxg)(Lnys) -1.014 0.719 0.193
Sigma-v -5.142 0.120 0.000 | Mean Eff. 0.879 0.067
Sigma-u -3.622 0.097 0.000 |N 1,541

Source: Own compilation from PISA 2006 database
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Does the school ownership matter? An unbiased cdsgra
through propensity score matching and parametistasthce functions

Table 9: Stochastic Distance Function for GDPS ira@tabria

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.216  0.031 0.000 |xg (Repmorg 0.232 0.025 0.000
Outputs Lnx; (Stratio) 0.020 0.054 0.720
Lny, (math scorg 0.544 Lnxg (Schsizp 0.001 0.015 0.760
Lny, (reading scorg 0.250 0.048 0.000 |xg (Firstgen 0.061 0.026 0.028
Lny; (science scope 0.206 0.062 0.002 |xi0(Secgeh 0.117 0.100 0.286
(Lnyy)? 4.728 x11 (Gendey 0.019 0.010 0.082
(Lny,)? 1.798 0.401  0.000 |(Lnxy)? 0.203 0.070 0.004
(Lnys)? 3.816 0.638 0.000 |(Lnx,)? -0.602 0.350 0.119
(Lny,)(Lny>) -1.355 (Lnxs)? 0.535 1.787 0.773
(Lnyy)(Lnys) -3.373 (Lnx,)? 2.142 0.637 0.001
(Lny,)(Lnys) -0.443 0.390 0.361 | (Lnxg)(Lnxy) -0.265 0.101 0.011
Inputs (Lnxy)(LNnxa) -0.096 0.392 0.786
Lnx; (Scmatedy 0.054 0.031 0.101 | (Lnxg)(Lnx,) -0.063 0.230 0.734
Lnx, (Ecs9 -0.217 0.036 0.000 |(Lnxp)(Lnxg) 0.905 0.508 0.094
Lnx; (Pee) -0.244 0.181  0.182 | (Lnxp)(Lnxy) -0.111 0.245 0.550
Lnx, (Pcqirls) 0.107 0.080 0.221 |(Lnxz)(Lnxy) -2.026  0.640 0.002
X5 (Repong 0.152 0.012 0.000

Sigma-v -5.464 0.242 0.000 | Mean Eff. 0.896 0.059
Sigma-u -3.946 0.193 0.000 |N 489

Source: Own compilation from PISA 2006 database
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Does the school ownership matter? An unbiased cdsgra
through propensity score matching and parametistasthce functions

Table 10: Stochastic Distance Function for PS in @tabria

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.199 0.017 0.000 |xg (Repmorg 0.283 0.016 0.000
Outputs Lnx; (Stratio) -0.060 0.046 0.210
Lny, (math scorg 0.445 Lnxg (Schsizp -0.016 0.020 0.478
Lny, (reading scorg 0.262 0.036 0.000 |xg (Firstgen 0.057 0.022 0.018
Lny; (science scope 0.293 0.048 0.000 |xi0(Secgeh 0.073 0.106 0.522
(Lnyy)? 2.568 x11 (Gendey 0.021 0.008 0.013
(Lny,)? 0.673 0.102 0.000 |(Lnx,)? -0.116 0.064 0.078
(Lnys)? 2.880 0.435 0.000 |(Lnxy)? -0.275 0.238  0.265
(Lny,)(Lny>) -0.181 (Lnxs)? 2.927 2.646 0.293
(Lnyy)(Lnys) -2.387 (Lnx,)? -0.194 0.172 0.271
(Lny,)(Lnys) -0.492 0.175 0.040 | (Lnxg)(Lnxy) 0.021 0.078 0.776
Inputs (Lnx;)(Lnxa) -1.067 0.495  0.040
Lnx; (Scmatedy -0.021 0.015 0.163 |(Lnxg)(Lnxy) 0.438 0.250 0.123
Lnx, (EcsQ -0.170  0.028  0.000 | (Lnxp)(Lnxs) -0.323 0.560 0.571
Lnx; (Pee) -0.426  0.103  0.000 |(Lnxy)(Lnxy) 0.115 0.149 0471
Lnx, (Pcgirls) -0.017 0.052  0.658 | (Lnxs)(Lnx,) 0.324 0723 0.556
X5 (Repong 0.149 0.008 0.000

Sigma-v -5.221 0.171 0.000 | Mean Eff. 0.892 0.059
Sigma-u -3.866 0.152  0.000 |N 894

Source: Own compilation from PISA 2006 database
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Does the school ownership matter? An unbiased cdsgra
through propensity score matching and parametistasthce functions

Table 11: Stochastic Distance Function for GDPS @uastile-Leon

Variables Coeff. Std. Dev p-value |Variables Coeff. Std. Dev. p-value
Intercept -0.201  0.025 0.000 | (Lnxy)? -0.028 0.085 0.754
Outputs (Lnxy)? -0.497 0.400 0.282
Lny, (math scor 0.303 (Lnxs)? 1.336 3.512 0.536
Lny, (reading scorg | 0.311 0.071 0.000 | (Lnxg)? -0.027 0.276 0.749
Lny; (science scofe | 0.386 0.090 0.000 | (Lnxg)(Lnxy) -0.100 0.087 0.264
(Lnyy)? 4.603 (Lnxy)(Lnxy) -0.202 0.477 0.698
(Lny,)? 2889  0.793 0.002 | (Lnxg)(Lnxy) -0.044 0.142 0.773
(Lnys)? 4649 1.272 0.003 | (Lnxy)(Lnxy) 0.174 0.606 0.522
(Lnyy)(Lny,) -1.422 (Lnxy)(Lnxg) -0.159 0.136 0.305
(Lnyy)(Lnys) -3.181 (Lnxz)(Lnxg) 0.441 0.804 0.369
(Lny,)(Lnys) -1.468 0.780 0.145 | Input-output

Inputs (Lnxy)(Lnyy) 0.214

Lnx; (Scmatedy 0.017  0.023 0.499 | (Lnxy)(Lnyy) 0.045 0.149 0.629
Lnx; (EcsQ -0.150 0.041 0.000 | (Lnxg)(Lnys) -0.103 0.180 0.465
Lnx; (Pee) -0.234 0.294 0.433 | (Lnxp)(Lnyy) -1.253

Lnx, (Pcqirls) -0.104 0.060 0.116 | (Lnxy)(Lnyy) 0.994 0.387 0.047
Xs (Repong 0.127 0.012 0.000 | (Lnxz)(Lnys) 0.259 0.468 0.398
Xs (Repmorg 0.199 0.023 0.000 | (Lnxg)(Lnyy) 1.821

Lnx; (Stratio) -0.022  0.043 0.670 | (Lnxs)(Lnyy) -0.693 0.996 0.437
Lnxg (Schsizg 0.014  0.013 0.317 | (Lnxs)(Lnys) -1.128 1.220 0.450
Xg (Firstgen 0.087 0.030 0.012 | (Lnxg)(Lnyy) 0.400

X1 (Secgeh omitted (omitted) (omitted)| (Lnx,)(Lny,) 0.154 0.256 0.602
X11 (Gende) 0.019 0.010 0.083 | (Lnxg)(Lnys) -0.555 0.282  0.066
Sigma-v -5.726  0.292 0.000 |Mean Eff. 0.896  0.060
Sigma-u -3.960 0.194 0.000 |N 458

Source: Own compilation from PISA 2006 database
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Does the school ownership matter? An unbiased cdsgra
through propensity score matching and parametistasthce functions

Table 12: Stochastic Distance Function for PS in §de-Leon

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.167 0.019 0.000 |xg (Repmorg 0.219 0.018 0.000
Outputs Lnx; (Stratio) -0.126  0.040 0.002
Lny, (math scorg 0.234 Lnxg (Schsizp -0.027 0.014 0.055
Lny, (reading scorg 0.353 0.043 0.000 |xg (Firstgen 0.059 0.025 0.024
Lny; (science scope 0.414 0.052 0.000 |xi0(Secgeh 0.029 0.113 0.672
(Lnyy)? 3.233 Xy1 (Gendej 0.015 0.008 0.091
(Lny,)? 2.667 0.450 0.000 |(Lnx,)? -0.042 0.098 0.651
(Lnys)? 4.637 0.801 0.000 |(Lnxy)? -0.082 0.241 0.735
(Lny,)(Lny>) -0.632 (Lnxs)? -0.077 2.006 0.700
(Lny)(Lnys) -2.601 (Lnx,)? 0.187 0.450 0.672
(Lny,)(Lnys) -2.035 0.510 0.001 |(Lnxg)(Lnxy) -0.009 0.077 0.665
Inputs (Lnxy)(LNnxa) 0.074 0.278 0.721
Lnx; (Scmatedy -0.004 0.024 0.640 |(Lnxg)(Lnxy) 0.060 0.122 0.632
Lnx, (Ecsg -0.049 0.029 0.111 |(Lnxy)(Lnxs) -0.123 0.457 0.722
Lnx; (Pee) -0.373  0.087  0.000 | (Lnxp)(Lnxs) 0.026 0.175 0.708
Lnx, (Pcgirls) -0.052 0.051 0.365 |(Lnxs)(Lnxy) -1.091 0.709 0.188
X5 (Repong 0.137 0.009 0.000

Sigma-v -4.859 0.034 0.000 | Mean Eff. 0.903 0.046
Sigma-u -4.118 0.043 0.000 |N 902

Source: Own compilation from PISA 2006 database
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Does the school ownership matter? An unbiased cdsgra
through propensity score matching and parametistasthce functions

Table 13: Stochastic Distance Function for GDPS @atalonia

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.134 0.295 0.465 | (Lnxy)? -1.457 1.280 0.315
Outputs (Lnxy)? 0.036 0.493 0.774
Lny, (math scor 0.514 (Lnxs)? -12.981 96.205 0.621
Lny, (reading scorg 0.311 0.102  0.009 | (Lnx,)? 9.416 16.895 0.541
Lnys (science scofe 0.175 0.124 0.357 | (Lnxy)(Lnxy) -0.132 0.164 0.504
(Lnyy)? 3.415 (Lnxy)(Lnxy) 2,945 2302 0.270
(Lny,)? 1235 0.206 0.000 | (Lnx;)(Lnxy) -3.904 4905 0.463
(Lnys)? 4,129 0.920 0.000 |(Lnxy)(Lnxs) 2429 1.322 0.091
(Lnyy)(Lny,) -0.261 (Lnxz)(Lnxg) -0.248 0.615 0.480
(Lnyy)(Lnys) -3.154 (Lnxz)(Lnxg) omitted omitted omitted
(Lny,)(Lnys) -0.974 0.502 0.060 |Input-output

Inputs (Lnxy)(Lnyy) -0.033

Lnx; (Scmatedy -0.241  0.208 0.334 | (Lnxy)(Lnyy) -0.007 0.238 0.445
Lnx, (Ecs9 -0.184 0.069 0.012 | (Lnxy)(Lnys) 0.040 0.332 0.497
Lnx; (Pee) -0.310 3.302 0.708 | (Lnxy)(Lny,) 0.417

Lnx, (Pcgirls) -0.314 1.448 0.590 | (Lnxy)(Lnyy) 0.174 0.374 0.382
X5 (Repong 0.132 0.016 0.000 | (Lnxp)(Lnys) -0.591 0.467 0.279
Xs (Repmorg 0.292 0.054 0.000 | (Lnxg)(Lnyy) -0.535

Lnx; (Stratio) 0.190 0.728 0.781 | (Lnxg)(Lnyy) 0.303 1.737 0.320
Lnxg (Schsizg 0.003 0.109 0.666 |(Lnxg)(Lnys) 0.232 2.257 0.535
Xg (Firstgen 0.017 0.032 0.637 | (Lnxy)(Lnyy) 1.785

X10 (Secgeh 0.061 0.058 0.270 |(Lnxg)(Lny,) -1.496 0.959  0.137
X11 (Gende) 0.025 0.014 0.106 | (Lnxg)(Lnys) -0.289 1170 0.683
Sigma-v -5.363 0.308 0.000 | Mean Eff. 0.892 0.061
Sigma-u -3.890 0.267 0.000 |N 328

Source: Own compilation from PISA 2006 database
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Does the school ownership matter? An unbiased cdsgra

through propensity score matching and parametistasthce functions

Table 14: Stochastic Distance Function for PS in tadonia

Variables Coeff. Std. Dev p-value | Variables Coeff. Std. Dev. p-value
Intercept -0.246 0.015 0.000 | (Lnx,)? -0.012 0.052 0.768
Outputs (Lnxy)? 0.002 0.271 0.715
Lny; (math scorg 0.538 (Lnxs)? -1.942 2782  0.487
Lny, (reading scorg 0.316 0.043 0.000 | (Lnx,)? 1.425 0.873 0.152
Lnys (science scone 0.146 0.054 0.011 | (Lnxy)(Lnxy) 0.008 0.074 0.543
(Lnyy)? 3.475 (Lnxq)(Lnxs) -0.226  0.307 0.485
(Lny,)? 2.815 0.345 0.000 | (Lnxq)(Lnxg) 0.333 0.287 0.291
(Lny,)? 4.447 0.661 0.000 | (Lnxp)(Lnxs) -0.503  0.564 0.380
(Lny;)(Lnyy) -0.921 (Lnxz)(Lnxg) -0.102  0.326 0.529
(Lny,)(Lnys) -2.553 (Lnxz)(Lnxy,) 0.526 1.085 0.627
(Lny,)(Lnys) -1.894 0.405 0.000 | Input-output

Inputs (Lnx;)(Lnyy) -0.091

Lnx; (Scmatedy -0.016  0.016 0.313 | (Lnxg)(Lnyy) -0.092  0.106 0.464
Lnx, (Ecsq -0.122  0.031 0.000 | (Lnxq)(Lnys) 0.183 0.139 0.262
Lnxz (Pee) -0.292 0.127 0.022 | (Lnxy)(Lny,) -0.343

Lnx, (Pcgirls) 0.159 0.077 0.061 | (Lnxp)(Lnyy) 0.232 0.227 0.329
x5 (Repong 0.154 0.011 0.000 | (Lnxy)(Lnys) 0.111 0.289 0.764
Xs (Repmorg 0.239 0.027 0.000 | (Lnxz)(Lny,) 0.108

Lnx; (Stratio) 0.106 0.073 0.175 | (Lnxg)(Lny,) 0.282 0.674 0.595
Lnxg (Schsizg 0.027 0.022 0.237 | (Lnxg)(Lnys) -0.391  0.919 0.584
Xg (Firstgen) 0.072 0.019 0.001 | (Lnxg)(Lny,) 1.345

X10 (Secgeh 0.012 0.050 0.701 | (Lnxg)(Lny,) -0.659 0421 0.152
X1 (Gendej 0.016 0.009 0.113 | (Lnxg)(Lnys) -0.685  0.561 0.334
Sigma-v -5.145  0.179 0.000 | Mean Eff. 0.874 0.071

Sigma-u -3.529  0.135 0.000 |N 773

Source: Own compilation from PISA 2006 database

105




Does the school ownership matter? An unbiased cdsgra
through propensity score matching and parametistasthce functions

Table 15: Stochastic Distance Function for GDPS @alicia®®

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.243 0.038 0.000 |Lnxz (Peep -0.833 0.553 0.171
Outputs Lnx, (Pcgirls) -0.068 0.115 0.624
Lny, (math scorg 0.625 x5 (Repong 0.126 0.018 0.000
Lny, (reading scorg | 0.133 0.073 0.093 | xs (Repmorg 0.231 0.028 0.000
Lny; (science scofje | 0.242 0.089 0.015 | Lnx; (Stratio) -0.093 0.063 0.210
(Lny,)? 3.490 Lnxg (Schsizg -0.014 0.021 0.547
(Lny,)? 1.037 0.605 0.094 | x, (Firstgen -0.162 0.120 0.200
(Lnys)? 0.695 0.991 0.509 | xc (Secgeh 0.007 0.052 0.799
(Lnyy)(Lnyy) -1.916 X11 (Gendej 0.051 0.015 0.001
(Lny;)(Lnys) -1.574 (Lnxy)? 0.275 0.187 0.150
(Lny,)(Lnys) 0.879 0.613 0.226 | (Lnxy)* -0.259 0.471 0.611
Inputs (Lnxg)? 0.944 10.292 0.757
Lnx; (Scmatedy 0.106 0.070  0.139 | (Lnx,)* 1.167 1.640 0.367
Lnx, (Ecs9 -0.096 0.057 0.099

Sigma-v -5.390 0.310 0.000 | Mean Eff. 0.888 0.069
Sigma-u -3.858 0.226 0.000 |N 296

Source: Own compilation from PISA 2006 database

Table 16: Stochastic Distance Function for PS in (Baa

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.208 0.013 0.000 |xs (Repmorg 0.268 0.012 0.000
Outputs Lnx; (Stratio) 0.011 0.023 0.650
Lny, (math scorg 0.406 Lnxg (Schsizp 0.002 0.012 0.789
Lny, (reading scorg 0.327 0.032 0.000 |xg (Firstgen -0.001 0.027 0.661
Lny; (science scope 0.267 0.041 0.000 | x40 (Secgeh 0.078 0.047 0.101
(Lny,)? 3.024 X11 (Gendey 0.021  0.008 0.015
(Lny,)? 1.481 0.190 0.000 | (Lnx,)? 0.073  0.049 0.142
(Lnys)? 2.611 0.484 0.000 |(Lnxy)? 0.053 0.213 0.658
(Lnyq)(Lnyy) -0.947 (Lnxg)? -0.381 1.376 0.785
(Lny;)(Lnys) -2.077 (Lnxg)? -0.257 0.080 0.003
(Lny,)(Lnys) -0.534 0.236 0.060 |(Lnxg)(Lnxy) 0.101 0.058 0.109
Inputs (Lnxg)(Lnxs) -0.079  0.218 0.719
Lnx; (Scmatedy -0.001 0.015 0.765 | (Lnxy)(Lnxy) -0.218 0.096 0.033
Lnx, (Ecs9 -0.106 0.024 0.000 |(Lnxp)(Lnxs) 0.281 0.346  0.369
Lnxs (Pee) -0.108 0.072  0.157 | (Lnxp)(Lnxg) -0.076  0.074 0.316
Lnx, (Pcqgirls) -0.038 0.041 0.378 | (Lnx3)(Lnxy) 0.357 0.662 0.615
Xs (Repong 0.143 0.008 0.000

Sigma-v -4.882 0.129 0.000 | Mean Eff. 0.903 0.047
Sigma-u -4.122 0.187 0.000 |N 1,084

Source: Own compilation from PISA 2006 database

8 We estimate a quadratic functional form for GDRSGalicia, so the tranlog specification does not

converge.
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Table 17: Stochastic Distance Function for GDPS Wavarre

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.149 0.019  0.000 | (Lnxy)? 0.012 0.170 0.803
Outputs (Lnxy)? -0.348 0.328 0.302
Lny, (math scor 0.379 (Lnxg)? -3.610 1.636 0.049
Lny, (reading scorg 0.514 0.056 0.000 |(Lnx,)? -0.159 0.039 0.000
Lnys (science scofe 0.107 0.069 0.142 | (Lnxy)(Lnxy) 0.103 0.108 0.353
(Lnyy)? 1.671 (Lnxy)(Lnxy) -0.237 0.224 0.315
(Lny,)? 2.999 0.422 0.000 | (Lnxg)(Lnxs) -0.446 0.195 0.046
(Lnys)? 2.865 0.722 0.004 | (Lnxp)(Lnxg) 0.647 0.537 0.267
(Lnyq)(Lnyy) -0.902 (Lnxz)(Lnxy) 0.004 0.043 0.726
(Lnyy)(Lnys) -0.768 (Lnxz)(Lnxg) 0.112 0.383 0.770
(Lny,)(Lnys) -2.096 0.472 0.000 |Input-output

Inputs (Lnxy)(Lnyy) -0.045

Lnx; (Scmatedy 0.066 0.033  0.051 | (Lnxy)(Lnyy) -0.125 0.131  0.323
Lnx, (Ecs9 -0.113 0.042  0.013 | (Lnxy)(Lnys) 0.170 0.184 0.371
Lnx; (Pee) 0.027 0.129 0.773 | (Lnxy)(Lny,) 0.441

Lnx, (Pcgirls) -0.306 0.085 0.001 | (Lnxp)(Lny,) 0.292 0.291 0.361
Xs (Repong 0.167 0.012 0.000 | (Lnxz)(Lnys) -0.733  0.407 0.200
Xs (Repmorg 0.272 0.027 0.000 |(Lnxz)(Lnyy) -0.680

Lnx; (Stratio) 0.007 0.032 0.808 | (Lnxs)(Lnyy) 0.027 0599 0.769
Lnxg (Schsizg 0.007 0.011 0.578 | (Lnxs)(Lnysy) 0.653 0.806 0.474
Xg (Firstgen -0.016 0.022 0.482 | (Lnxg)(Lnyy) -0.121

X10 (Secgeh -0.042 0.058 0.541 | (Lnxg)(Lny,) 0.191 0.061 0.033
X11 (Gende) -0.006 0.010  0.579 | (Lnxg)(Lnys) -0.070 0.108 0.472
Sigma-v -5.360 0.183 0.000 | Mean Eff. 0.904 0.052
Sigma-u -4.128 0.182 0.000 |N 605

Source: Own compilation from PISA 2006 database
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Table 18: Stochastic Distance Function for PS in Mare

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.169 0.018 0.000 |xg (Repmorg 0.260 0.024 0.000
Outputs Lnx; (Stratio) 0.122 0.050 0.036
Lny; (math scorg 0.473 Lnxg (Schsizp 0.001 0.012 0.710
Lny, (reading scorg 0.460 0.040 0.000 |xg (Firstgen 0.010 0.018 0.595
Lnys (science scofe 0.067 0.051 0.244 | xy0 (Secgeh 0.039 0.078 0.565
(Lnyy)? 3.220 Xy1 (Gendej -0.005 0.009 0.539
(Lny,)? 2.906 0.323  0.000 |(Lnx,)? -0.199 0.063  0.001
(Lnys)? 4728 0.562 0.000 |(Lnxy)? -0.097 0.256 0.706
(Lny,)(Lny>) -0.699 (Lnxs)? -2.964 3.075 0.565
(Lny)(Lnys) -2.521 (Lnx,)? -1.134 0.884 0.228
(Lny,)(Lnys) -2.207 0.325 0.000 | (Lnxg)(Lnxy) -0.105 0.073 0.202
Inputs (Lnxy)(LNnxa) 0.316 0.357 0.231
Lnx; (Scmatedy 0.002 0.027 0.476 | (Lnxy)(Lnx,) 0.059 0.128 0.615
Lnx, (Ecsg -0.080 0.044 0.139 |(Lnxy)(Lnxs) 0.880 0.603 0.208
Lnx; (Pee) 0.057 0.199 0.577 | (Lnxp)(Lnx,) 0.511 0.294 0.107
Lnx, (Pcgirls) -0.121 0.106  0.297 |(Lnxs)(Lnxy) -3.567 1.279 0.011
X5 (Repong 0.159 0.011 0.000

Sigma-v -4.757 0.114 0.000 | Mean Eff. 0.892 0.053
Sigma-u -3.905 0.114 0.000 |N 877

Source: Own compilation from PISA 2006 database
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Table 19: Stochastic Distance Function for GDPS Rioja

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.153 0.027 0.000 | xs (Repmorg 0.172 0.026  0.000
Outputs Lnx; (Stratio) 0.144 0.068 0.041
Lny, (math scorg 0.384 Lnxg (Schsizg 0.037 0.019 0.062
Lny, (reading scorg | 0.417 0.046 0.000 | X (Firstgen -0.009 0.027 0.628
Lny; (science scode | 0.199 0.057 0.001 | x.0 (Secgeh omitted omitted omitted
(Lnyy)? 2.407 X11 (Gendej -0.016 0.011 0.159
(Lny,)? 2.594 0.383 0.000 | (Lnxy)? 0.083 0.071  0.260
(Lnys)? 4.062 0.684 0.000 |(Lnxy)? 0.995 0.349  0.007
(Lny,)(Lnyy) -0.469 (Lnxg)? 5.383 2.304 0.029
(Lnyy)(Lnys) -1.938 (Lnx,)? 2.693 0.759  0.000
(Lny,)(Lnys) -2.125 0.500 0.000 | (Lnxs)(Lnxy) -0.045 0.092 0.635
Inputs (Lnxy)(Lnxy) 0.171 0.261 0.560
Lnx,; (Scmatedy 0.089 0.022 0.000 | (Lnxy)(Lnxy) -0.201 0.281 0.507
Lnx, (Ecs9 -0.125 0.039 0.002 | (Lnxp)(Lnxg) -1.026 0.562  0.087
Lnx; (Pee) -0.351 0.197 0.079 | (Lnxp)(Lnxy) -0.125 0.253 0.624
Lnx, (Pcgirls) 0.140 0.105 0.215 | (Lnxz)(Lnxy) -1.459 1.078 0.209
X5 (Repong 0.121 0.012 0.000

Sigma-v -5.482 0.203 0.000 | Mean Eff. 0.892 0.062
Sigma-u -3.859 0.152 0.000 |N 563

Source: Own compilation from PISA 2006 database
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Table 20: Stochastic Distance Function for PS indga

Variables Coeff. Std. Dev p-value| Variables Coeff. Std. Dev. p-value
Intercept -0.131 0.022 0.000 |xs (Repmorg 0.202 0.022  0.000
Outputs Lnx; (Stratio) -0.071 0.054 0.244
Lny, (math scorg 0.402 Lnxg (Schsizg -0.046 0.014 0.002
Lny, (reading scorg | 0.399 0.041 0.000 | X, (Firstgen 0.075 0.018 0.000
Lny; (science scode | 0.199 0.055 0.000 | x;¢ (Secgeh 0.031 0.055 0.586
(Lnyy)? 4.347 x11 (Gendej 0.002 0.009 0.754
(Lny,)? 1.868 0.341  0.000 | (Lnx,)? -0.236 0.063  0.001
(Lnys)? 2.713 0.533  0.000 | (Lnx,)? 0.221 0.292 0.472
(Lny,)(Lnyy) -1.751 (Lnxg)? -17.997 4.142  0.000
(Lny)(Lnys) -2.596 (Lnx,)? -7.889 4.764 0.105
(Lny,)(Lnys) -0.117 0.342 0.532 | (Lnxg)(Lnxy) -0.044 0.077 0.545
Inputs (Lnxy)(Lnxa) -2.785 0.597 0.000
Lnx,; (Scmatedy -0.053 0.024 0.034 | (Lnxy)(Lnxy) -0.630 0.387 0.112
Lnx, (Ecsg -0.060 0.037 0.129 | (Lnxy)(Lnxg) 0.713 0.650 0.284
Lnx; (Pee) 0.093 0.252 0.707 | (Lnxp)(Lnxy) 0.465 0.571 0.463
Lnx, (Pcgirls) -0.014 0.136 0.730 | (Lnxg)(Lnx,) -0.030 2473 0.733
X5 (Repong 0.155 0.010 0.000

Sigma-v -5.267 0.179 0.000 | Mean Eff. 0.890 0.061
Sigma-u -3.829 0.152 0.000 |N 676

Source: Own compilation from PISA 2006 database
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Comparing public and government-dependent privet®sl
management through a new Educational Malmquistiraggroach

1. INTRODUCTION

One of the main goals in the field of the econonv€sducation is to analyze the
inefficiency behaviors in the learning process. Hueirces of inefficiency may be due to
multiple reasons such as the way in which the messuare organized and managed, the
motivation of the agents involved in the learningbgess or the structure itself of the
educational systenNechyva2000;Woessma2001).

In order to tackle the inefficiency measurementiesgr education many studies have
used the non parametric Data Envelopment AnalyBesgent and Besseft980; Charnes,
Cooper and Rhode4981 andBessent et al1982°) and other parametric methodologies
(Christensen, Jorgenson and Ld971; Gyimah-Brempong and Gyapori92; Deller and
Rudnicki1993;Grosskopf et all997;Cordero et al2010b;Perelman and Santi2011).

The recently increase of national and internatiqralgrams to evaluate the scholar
achievement during last decades shows the highdicyp@oncern about educational
performance. Hence, last years, some internatiprgécts have been developed in order to
evaluate the educational achievements in which camesidered the vehicular disciplines:
Science, Mathematics and Lecture. The most impbiitsternational programs are TIMSS
(Third International Mathematics and Science SjudjiISA (Programme for International
Student Assessmgrnd PIRLS Progress in International Reading Literacy Stydgithough
many countries perform their own evaluatiomg. the National Assessment of Educational
Progress(NAEP) in the United States.

The main advantage of these programs is that peoaiul external evaluation of the
educational results with the aim of identifying taises of the school failure allowing to policy
makers and school principals to go into their managnt strengths and weakness in depth.
However, the comparison of the student or the dchebaviors along the time using these
international studies is not possible due to th#igpant schools and students differ from one

wave to another.

In this paper, we propose a new approach to megasadeictivity when only a pseudo-
panel data is available. Traditionally, Malmquisidéx proposed byCaves et al.(1982)
represents productivity changes between two pefiddsh imply the same unit is observed in
both periods. However, this approach does not aflowdetecting productivity disparities

among units whose management structure is not dnge swithin a period. Consequently,

%9 For an empirical survey of frontier efficiency ieiques in education, s&orthington(2001).
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relevant information to planning policy maker stgies are omitted which may lead to non

accessible goals could be demanded in some castsydre penalized unfairly.

The purpose of our study is to analyze productigifferences among publicly financed
schools using the Malmquist index approach. A simsitrategy was developed Bgrg et al.
(1993° with the aim of comparing banking efficienciestimee Nordic countries d@alk and
Althin (1996) to compare Swedish pharmacies producteitylution over the period 1980-
1989. Both papers propose a new approach to ctddil@ Malmquist index, taking a particular
unit as the comparison reference or taking a firtopeas reference in order to calculate multi-

period Malmquist indices, respectively, being detiseach alternative the transitivity property.

This study attempts to analyze the main divergeircése publicly finance educational
system in Spain taking into account the differeatkground, not only the scholar resource
capacity either the familiar and personal studecitsiracteristics vary from one school type to
another, depending on the school ownership. Thasngparametric Educational Malmquist is
proposed in order to measure productivity divergsnbetween Public School®g and
Government-Dependent Private SchoolGDPS within the same period due to the

organizational and management guidelines diffeeddjmg on the school ownership.

With the aim of showing our proposal potential weliilde an empirical application in
the educational framework in order to test posspreductivity disparities betweeRS and
GDPSin three time periods (2003-2009). Analogously, tfiean relative evolution behavior for
both school types within 2003-2009 is analyzed Ibvtaim a general overview of the public
educational system in Spain. Hence, three Spaegibis- Basque Country, Castile-Leon and
Catalonia - which participate with extended sampl#he Programme for International Student
AssessmenPISA), implemented in 2003, 2006 and 2009 by @rganization for Economic

Cooperation and Development (OECD) are analyzed.

The paper is organized as follows. Section 2 pexwign overview about the Malmquist
index methodology jointly with our estimation se&gy for a new Educational Malmquist index.
Moreover, we propose four different alternativeamtatch both school type samples for each
considered period and finally, we present$immar and Wilsorf1999) approach to calculate the
confidence intervals for the productivity indicasdaheir components. In Section 3 the data set

and the selected inputs and outputs are descr8mdion 4 provides the results after applying

% Also seeForsund(2002).
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our strategy and a discussion of our empirical yaisl The final section offers some

conclusions and the future lines for research.

2. METHODOLOGY

Malmquist index was proposed Baves, Christensen and Diew&B82) with the aim
of measuring the productivity changes within twmei periods as the distance between a
decision making unitliMU) and the frontier for each perfddThe index is built using different
Data Envelopment AnalysiDEA) programs, so no assumptions, beyond monotonaity
convexity, about the production technology are &gl Hence, it is especially attractive in the
educational context, where multiple inputs and ouge involved in the learning process and

the prices are unknown or difficult to estimate.

To formalize the index we, firstly, assume constaturns to scaIeC(RSGZ, so the
school’s size across the time are quite similarefach region. Defining a vector of inputs-
(X, ..., %) O O and a vector of outputg = (yy, ..., ) O O™, a feasible multi-input and
multi-output production technology for a periodtimhe t (t = 1....,T)can be defined using the
output possibility seP'(x). This output possibility set can be produced usieginput vectox":
P'(x) = {y" x' can producse/}, which is assumed to satisfy the set of axioms d@sdrin Fare
and Primont (1995). This technology can be also defined asahiput distance function
proposed byshephard1970):

D(x,y!)=inf{e: 0> 0,(x,y'/6)0 P (x } (1)

From Equation (£}, if D! (x‘ , y‘)<1 then(y‘) belongs to the production $t(x) and,
additionally, WhenDt(x‘,yt)< 1 y'is located behind the outer boundary of the oupossibility

set and it is considered inefficient. Then an outpiented period Malmquist productivity

index is:

t t+1 t+1
My y) = PR ) @
DI(X.y)

®1 This is the most used approach, neverthelessutems pointed out the possibility of using thisléx

to analyze two different units for an specific perof time.

%2 There are other studies that consider CRS sudBa#is and Althin(1996), Ray and Desli (1997),
Forsund(2002)

% Note that the CCR efficiency score with outputeatation is just the inverse of the optimum from
Equation 1.
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Following Fare et al.(1994) we may define the Malmquist productivitdéx from the
distance functionD', and the inputs - outputs endowmerntsand y' , for each period of time

(t=1....,T) The analytical expression of the index would be:

t+1 t+1 t+1 t t+1 t+1 t t t y2
T[S 6 e
X,y XYy X,y

where a higher (lower) than one index implies patigity improvements (losse¥)

Furthermore, Equation (3) may be decomposed into tamponents. The first item
reflects the technical efficiency change&eC), which catches the improvements (reductions) on
the efficiency in periodt1 if TEC> 1 (TEC < 1), whereaBEC = 1 indicates no changes on the
technical efficiency. The second one representddblenological changelC) in periodt+1,
whose sign may be analyzed in a similar way th&C, although both measures may have

different directions.

The Malmquist index methodology consists of obsena DMU in different periods,
which requires a panel database to be implemewntedven, to observe two different DMU
within the same period of time. However this apploaloes not allow deepening on the
potential disparities among different units whoggaaizational structure and background
circumstances vary across the time. It is the adseublicly finance educational system in
Spain, where botlPS and GDPS are publicly financed but they are managed by blipu
education authority and a private agency, respagtigo different school performance may due

to organizational divergences among them.

Thus, a non-parametric Educational Malmquist idthniorder to achieve an average
indicator of the productivity divergences betwearblie and government-dependent private
schools within a period when the organizational axehagement guidelines differ depending
on the school ownership. Hence, a pseudo-panebasgaad®ISA or TIMSSis required for a
correct implementation of this methodology, whiahaantees both school types’ samples are

representative from the public and the governmepeddent private educational systems.

® This productivity index is the geometric meanwbtproductivity index, where the first one takes th
periodt as reference and the second one the pétibdavoiding the arbitrary selection of the referahti
period.
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The expression for the Educational Malmddistay be easily obtained by replacing the
super-indiceg andt+1 by G and P, which indicate the government-dependent privaié a

public schools, respectively.

L _D%0Cy) [(D°08,y7) | (D°0.y%) | @
D76y [ D70y S {070 v)

Equation (4) shows the average productivity diffiees between botRSandGDPSin

one year as a result of the efficiency and therteldgical gap between both school types.
Linear programming is implemented in order to aehithe average distances of each school
type to its own frontier. With that purpose, weiraste the distance of each school to its own
frontier and then all these measures are exprastethe average one within the whole set of
units each case. Thus, this approach do not abowevaluating specific school behavior either
only the average discrepancies between both savawtrship are observed. Then, if the index

is higher (smaller) than one reflects tDPSare in average more (less) productive tR&n

Figure 1 illustrates these concepts in one petietlassume thabDPS Frontier (CRS)
andPS Frontier (CRSyepresent the constant returns to scale techndtwdyoth, government-
dependent private schools and public ones, respéctiMoreover, the average inefficieR6
(GDPS consumese (Xg) input and produceg, (Ye) quantity of output, being the sub-indEx
andG the school ownership indicator for public schd@§(and government-dependent private
school GDPS.

Figure 1: Productivity divergences between PS anODRS

G DPS Ronter (CRS)

Y
al- ——— — — — — g
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b —— — — — — \
cl———— — = 1K
\ \
d|—- —— — — \
\ \
b
‘ * (XeYo)
\ \
1(Xp Yp)
\ \
‘ |
o P q X

Source: Own compilation

® The efficiency component decomposition is not rieééing in the framework of cross-sectional
productivity divergences, so we do not include btth pure and the scale efficiency items in the
analytical expression of the Educational Malmgirndex.
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Moreover, with the aim of analyzing both school ewnship divergences within two
periods we propose to build the ratio of two Ediocati Malmquist expressions in different
periods. This strategy allows checking which orgational pattern present a better behavior
along the time, so relevant implication for policyakers may be deducted from this analysis.

The productivity change betwe&DPSandPSwithin t andt+1 is as follows:

EMC(t,t +1) = EM, (%)

t+1

Equation (5) indicates productivity gains for pabdichools when the index is higher
than unity EMC > 1) or productivity losses when it is lower thame EMC < 1). Similarly, the
efficiency change EC) and the technology ga@ @) is built by the ratio of the efficiency

(technological) difference within the two periods €ach school type, as Equation (6) shows:

EC(t,t +1) = ED_, TG(t,t+1) = 5 (6)

t+1 t+1

where ED; (EDw;) and TD, (TDw,1) represent the efficiency and the technical digaogs
betweenGDPSandPS at the period (t+1), respectively. A higher than one ratio implieatth

PSare, on average, more efficient and/or technobdlyi@dvanced tha@DPS

2.1. Matching of schools’ representative samples

A relevant challenge for the Educational Malmqguaigproach is to match two samples
with different sizes. The traditional Malmquist mg estimated using unbalanced samples but
it means that the average Educational Malmquigbuigt without the information of units
unmatched, although all information available isdugn order to estimate each annual frontier

and to evaluate other units.

For empirical purposes, the most commonly situatiothatPS and GDPS present a
different sample sizen(andm respectively). Therefore, the sample sizeHBuses to be higher
thanGDPS with the exception of Basque Country. On the ottaed, our proposal consists of
matching different units instead of the same umitlifferent time periods, so our analysis is
only valid at the mean value. Hence, we propose €hifierent alternatives to obtain robust

matches. Then, we display bellow the main detditsach alternative.
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Alternative 1:

The Alternative 1 consists of matching samples oamy. Let assumes that > m.
Therefore, we seleeh units from the largest sampte being the remainder units using to build

the productive frontier but they are not consideoedbtain the Educational Malmquist index.

Alternative 2:

The Alternative 2 consists of adding a number otsufrom the smaller sample to

obtain the same number of units than in the largest Let assumes that- m, then:

- If m*2 > n; n - munits are removed randomly from tiresample to equal.

- If m*f > n; wheref is a natural number equals or higher thaf=22( 3,..., § and it is
used to match the sample multiplied by.

- If m*2 < n; wheref is a natural number equals or higher thafc2( 3,..., § and it is
used to match then sample multiplied byf. Then,n — m*f units are removed randomly

from the originalm sample to equai.
Alternative 3:
Alternative 3 composes of the following steps:
- A Data Envelopment Analysi®EA) is estimated for the higher sample.
- Let assumes thah > m. Then, m units are selected from the higher sampig,
maintaining the percentage of efficient units.
- Unmatched units are used to build the productieaitier and to evaluate the other
units, although not to obtain the mean indices.
Alternative 4:
Alternative 4 composes of the following steps:
- A DEAIs estimated for the smaller sample.
Let assumes that>m. Thus,m units are randomly selected from the smaller samplto

achieven maintaining the percentage of efficient unitsnthe

- If m*2 > n; n - munits are removed randomly from tlmesample to equal.
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- If m*f > n; wheref is a natural number equals or higher thafe22( 3,..., § and it is
used to match then sample multiplied by.

- If m*2 < n; wheref is a natural number equals or higher thafF2( 3,..., § and it is
used to match then sample multiplied by. Then,n — m*f units are removed randomly

from the originaim sample to equa.

Finally, unmatched units are used to build the pctisle frontier and to evaluate the

other units, although not to obtain the mean irglice

2.2. Confidential Intervals

Original Fare et al.(1992) Malmquist index measures productivity aisdcomponents
changes along the time using the ratio of two dufpyout) distance functions. However, this
approach does not allow to test if the estimatexhghs in productivity and its components are
actually real. On the other hand, the Malmquisteinds calculated using a non-linear
programming technique, as for example the Data Bpweent Analysis (DEA), so the true
production frontier is actually unknown and, consagly, the results after applying this

approach are not statistical supported.

Two mainly alternatives may be used in order td eéth this problem: the bootstrap
estimation and the Monte Carlo experiment. Bothcedures allow obtaining the confidence
intervals for the Malmquist indices, although theqgess is different for each approach. The
bootstrapping was proposed Bymar and Wilson(1999), who focus their strategy on the
replication of the unobserved data-generating m®ceNevertheless, the Monte Carlo
experiment consists of obtaining a finite numbepaifings, that may be balanced (Alternative
1 and Alternative 3) or unbalanced (Alternativen? @&lternative 4), and afterward calculating a
Malmquist index for each pairing. In this study, i@low the Simar and Wilson(1999)

methodology, although a similar analysis could beedusing the Monte Carlo experiment.

In order to illustrate th&imar and Wilsorapproach we assume that the production

possibility setting at timeis given by the expression:
P' = {(x, y)\ xcan produceyattimet} (7)

beingx the input set angthe output one. Then, followirghephard1970), the output distance

function,DiG’P, for the uniti , which is a government-dependent private scl®bIPS) related
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to the public ongPS)technology, collects the normalized distance ftbmi-th unit from the

GDPSsub-group to the boundary of tR§ considering the input set is fixed:
De'? Einf{6:6>O{()ge,yie/e)DYP(xG)} (8)
whereG andP correspond t&sDPSandPS respectively, beingy?(x) the output requirement

set. Thus, as Expression (3) states, the Malm@dsix proposed bffare et al.(1992) may be
written as follow&":

12

DP(x",¥") .| [ D (X", ") Y D°(x, ¥°)

M P, P, G, G = ’ * ) ’ (9)
(X y X y ) DG(XG,yG) DP(XP,yP) DP(XG,yG)

where a higher (smaller) than one indem,G,P)>1 (M(G,P)<1), implies productivity

differences in favor of government-dependent pewathoolgpublic schools) and if the index

equals one,M(G,P)=1, there is not productivity divergences betweenhbsthool types.

Therefore, the first component refers to the edficly difference betwedBDPSandPSand the
second one is the technological gap between bdthoss ownership. Similarly, values higher
(smaller) than one reflect @DPS advantage (disadvantage) in efficiency and in riecth

progress with respect S

The estimation of the distance functidhmay be computed solving a linear program, as

Equation (10) states:

(If)iG’F’)'1 = max{A‘xLG <x°q.,Ay,»,2Yq,q 0 DT} (10)
Then, the bootstrapping consists of assuming a-gitarating process for Equation

(14) and replicating it a large enough numBeof pseudo-samples. Hence, for each bootstrap

replication, the deviation of each unit in the orad sample to the corresponding estimated

frontiers is measured usiiEA methodology, as Equation (11) shows.

(ljiG/ i )_1 = max{/]‘xi,e s /Yp*qi AYip 2qui ,q U |]+N} (11)

% The Simmar and Wilsotf1999) approach is adapted to the proposed EduedtMalmquist, so these
expressions are equivalent to the original onasr aéplacing the iterhby G, indicating the government-
dependent private school, ard. by P, indicating the public school.

®" This expression is valid foB (<, =, >) thanP. SeeSimar and Wilsor(1999) for a more detailed
explanation.
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where Y& =|y o Vue) @Nd x =|Xs, %6, X, o|. Afterwards, these estimates allow
obtaining the bootstrap Malmquist ind&k,®(G,P), and its components by substituting the

true distance function values in Equation (9) by isspective bootstrap estiméfes

Finally, once the bootstrap estimates are computeal,confidence intervals at the

desired level of significance may be obtained agpmating the unknown distribution of
[Mi (G,P)- M. (G, P)J by [M*i (G,P)-M, (G, P)J, using the bootstrap valués?l,i*B(G, P)}E’:l, for

an empirical estimation to the second distributibimus, assuming,
M, @.P)-M, G, P)=|M G P)-M,@G,P)| (12)
from Equation (12) we use the bootstrap procedufmd values,a;,b; , such as:
Pla;|<M"i(G.P)-M,(G,P) <|p;[|=1-a® (13)

After a large enough number of bootstrap replicatjB — o, we may conclude that
Equation (13) yields the true values with high @ioibty, then:
|=1-a (14)

Pla;|<M,(G.P)-M,(G.P)<

b,

And, finally, making some arrangements in Equafibt) such us:
M;(G,P) +[a;| < M, (G,P) < M, (G, P) +|o| (15)

where the Malmquist index is significantly equaliaty, showing a productivity gap, when the
interval presented in Equation (15) includes théyuand viceversa. Analogously, a similar
analysis may be done for the efficiency and thértetogy changes, being the expressions as

Equations (16-17¥how, respectively:

E (G,P) +|a;|< E (G,P) < E (G,P) +|o;| (16)

T.(G,P) +|a,| < T,(G,P) < T, (G, P) +|b}| (17)

% A more detailed explanation may be foundimar and Wilsor1998).
% The algebraic sorting for the values and takjpg/2) (100 off the end of the sorted sample allow to

obtain‘a;,b;‘ as the endpoints of this sorted array, wherey’ .
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beingE; andT; the corresponding efficiency and technology inttica

3. DATASET AND VARIABLES

In our empirical analysis, we use Spanish data flI8A 2003, 2006 and 2009
evaluation, which provide us with data from 15 peald students belonging to three regions
that decided to take part in this evaluation with extended representative sample of their
population since 2003 (Basque Country, Castile-Leo Catalonia). The methodology
described in section 2 is carried out for eachamegieparately, so Spanish regions are actually

fully responsible for the management of educatioasburces since 2000.

One of the main advantages of tRESA study is that it does not evaluate cognitive
abilities or skills through using one single scbrg each student receives a score in each test
within a continuous scale. In this wal]SA attempts to collect the effect of the particular
external conditioning factors not depending ongh&lents when taking the test, namely being
ill or becoming very nervous, among other randootdiss. Furthermore, it also involves that the
measurement error in education is not independ@amh fthe position of the student in the
distribution of results. Precisely, students widrywlow or high results have higher associated

measurement errors and higher asymmetry in erstrilalition.

Likewise, PISA also collects an extensive dataset on these Vesiahrough two
questionnaires: one completed by the students #lgass and another one filled out by the
principals. From these data, it is possible toaetta great amount of information referred to the
main determining factors of the educational perfomoe represented by variables associated to
the familiar and the educational environments all asto the school management and the

educational supply.

Outputs and plausible values

The true output as result of an individual educatie very difficult to measure
empirically due to its inherent intangibility. Ecation does not only consist of the ability of
repeating information and of answering questions,itbalso involves the skills to interpret the
information and to learn how to behave in the dgcignfortunately, it is really hard to measure
all of them. But perhaps, according Hoxby (2000), the most important reason for its
consideration in the analysis could be that botlicpanakers and parents use this criterion to
evaluate the educational output and its subsequnérimation to choose the school for their

children and even their place of residence.
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In this study we use the results obtained by stisd@nthe three competences evaluated
in PISA (Mathematics, Readings and Sciences) astheol output. As it has already been
mentioned, the study uses the concept of plausiliges to measure the performance of the
students, since measures in these subjects hawgeamvargin of error due to the fact that the
measuring concept is abstract and they are sutgeabe special circumstances of the students
on the date of the exam. The plausible valuesaréam values obtained from the distribution
function of results estimated from the student’'svegrs in each test. They can be interpreted as

a representation of the ability range for eachestii(\Wu and Adamg002).

Plausible values in the three tests are used asitsun the efficiency analysis. In order
to obtain the correct results and to avoid biadlgros in the estimations it is necessary to
calculate five different Malmquist indices for eattto of plausible values and take the mean
value afterwards, instead of using the averageegata obtain one Malmquist inde© CDE
2005).

Inputs

In order to calculate the Malmquist index we hagedufour different inputs that are
directly involved with the learning procefRared, Hisei, Schresourcesd Stratio). Paredis
the index of highest level of parental educatioeasured by the number of schooling years
according to the International Standard Classificabf EducationISCED, OECD, 1999) and
Hisei is the index of highest parental occupation staosording to International Socio-
economic index of Occupational Status (ISBkRnzeboonet al 1992). Schresourcess an
index of the quality of the scholar resources amtiyrom school principal’s responses. All
questionnaires contain several items related with dchool deficiencies on those issues, but
some items are different across the three wavesersooincident items were selected in each
sample and the school receives one point in caserthcipal’s response would be there is not
deficient in each iteM. The maximum (minimum) punctuation for each schisalen (zero)
points, which indicates an excellent (dreadful) eadional inpuf®. Finally, Stratio is a ratio
between the total number of students in the scandlthe total number of teachers weighted on

their dedication (part-time teachers contributé&sahd full-time teachers 1).

0 For a review of plausible values literature $#islevyet al. (1992). For a concrete Studio Basch
model and how obtain feasible valueisA seeOECD (2005).

I The selected item are: ‘Qualified teachers onr®eik ‘Qualified teachers on Mathematics’, ‘Quaii
teachers on Lecture’, ‘Any other Personal Suppodfgience laboratory equipment’, ‘Educational
material’, ‘Computers’, ‘Software’, ‘Library resoces’, ‘Audiovisual resources’.

"2 This variable has been rescaled in order to axeids in the empirical analysis.
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Tables 1-3 shows the mean values for the threeutsutpstudents’ results on
mathematics, readings and science- and for thasmmmmented above— being two of them
related with the socioeconomic background of theestts and the other two inputs refer to the
scholar resources. The figures below indicate tiiatstudents’ results are higher in BBPS
in all disciplines and regions, being these diffiees larger between Basque Country schools.
However, the average socioeconomic background, uneédy the variableBared andHisei,
is normally lower inPS Similarly, GDPSpresent a higher quality of resourc8shresources
although the student-teacher rat8iratio) benefit toPS were the ratio is higher, which implies
that each teacher is in charge of a more reducaapgof students. This variable captures the

labor resources devoted to education.
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4. RESULTS

This section presents the main results obtainealiinanalysis for the Spanish regions
Basque Country, Castile-Leon and Catalonia. Ouhaousilogy allows us comparingS and
GDPSproductivity changes within 2003-20009.

Tables 4-15 report the results after applying tdadational Malmquist methodology in
2003, 2006 and 2009 considering a set of threeutaitand four inputs. Table 4 shows the
Educational Malmquist results in 2003, 2006 and9208ing the Alternative 1 to match the
school samples. The first column for each year shihw Educational Malmquist indekN]),
wherePSare considered as peribdndGDPSas period+1. After this measure, we report the
main Educational Malmquist components: the EfficienDivergence ED) and the
Technological DifferencelD). Therefore, Table 5 indicates the 90%, 95% artd 86nfidence
intervals Simar and Wilsorl999) for the Educational Malmquist indices in leaegion and
their components, beingB the Lower Band andJB the Upper Band of the interval. This
confidence interval allows obtaining the statidtiest of the different measures. Tables 6 and 7
refer to the productivity gains between bd#s and GDPS within 2003-2009 using the
Alternative 1 and their confidence intervals, retppely. The first column for each year of
Table 6 shows the Educational Malmquist Change iwittvo time periods EMC) and its
components: the Efficiency ChandeQ) and the Technological Gap®), respectively. Tables
8 and 9 replicate the Educational Malmquist forhemagion using Alternative 2 to match both
school type samples and their confidence interviadspectively. Then, Tables 10 and 11
indicate the regional productivity gains within 288009 using the Alternative 2 and their
confidence intervals, respectively. Finally, in @rdo show the results using the four different
alternatives to match units, we propose an empiaigalysis for Basque Country. Thus, Tables
12 and 15 report the Educational Malmquist for Ateernatives 1 to 4 (Table 12) and their
confidence intervals (Table 13), then the prodifgtigains betwee®SandGDPSwithin 2003-
2009 (Table 14) and their confidence intervals (&4dls).

Tables 4 and 5 show the Educational Malmquist édamponents for each period and
region, using the Alternative 1 to match the scheainples, and the confidence intervals,
respectively. The results from Table 4 indicatd thablic schools are in average significantly
more productive than government-dependent priviaés @ach period and for the three Spanish
regions. Moreover, two patterns of behavior maydistinguished from Table 4. On the one
hand, the productivity cdsDPSdecreases significantly in 2006 with respect tophevious and
the following period in Catalonia. On the other thathe opposite tendency is observed in

Basque Country and Castile-Leon, where a significarease in the productivity éDPSis
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observed in 2006. Furthermore, differences in pcodily are mostly explained by the
technological difference among both school own@shéspecially for Basque Country where
the technological difference amoR&andGDPSreaches 41% in 2006.

The two following tables show the productivity digences between both school
ownership and the Educational Malmquist componantle three time periods. Nevertheless,
with the aim of analyzing the productivity changeithin these periods in depth, we calculate
the ratios explained in section 2.1. The resultsradpplying the mentioned methodology and
the confidence intervals are showed in Tables 67ads we appreciate in Table 6, the average
productivity evolution within 2003-2009 benefits public schools in Basque Country and
Catalonia. This apparently gain f@6reflects the reduction in the educational Malmgiridex
in 2009 related to the same measure in both re@o2803. On the other hand, the productivity
change within 2003-2009 benefits @DPS in Castile-Leon, so a 2% productivity gain is
observed within this period, as Table 6 shows. Haurhore, the main component of the
Educational Malmquist Change is the technologidange for all regions, then apparently
GDPSpresent a more advance technology process reatatefl Nevertheless, these results are

not conclusive, so as we appreciate in Table &thesults are not significant.

Tables 8 and 9 report the Educational Malmquisexndnd their confidence intervals
for the Malmquist index and their components ughiigrnative 2, respectively. These results
show thatGDPSare significantly more productive th&&each period in all regions. Again, as
the results from the Alternative 1, there is a peekhe productivity difference among both
school types in 2006 in Basque Country and Calélen, being a productivity difference of
36% (15%) that significantly benefits @DPS On the other hand, productivity divergences are
again explained by the technological gap among boliool types and, as Table 9 shows, these

results are significant in all regions and eaclioger

Tables 10 and 11 present the productivity gainsrantmth school types within 2003-
2009 and their confidence intervals for the Malnsgiindex and their components using
Alternative 2. Table 10 shows a better and sigaificproductivity evolution folPS within
2003-2009 in Basque Country and Castile-Leon, b#iegproductivity change around 1.5% in
Basque Country, although the productivity advantag@nly significant forPS in Basque
Country within 2003-2009. On the other ha@PSare more productive within 2003-2009 in
Catalonia, despite this result is not significaams$, Table 11 reports. Relating to the better
evolution of the public system it must be highlgghthat a relative reduction in the productivity
gap betweerSandGDPSin 2009 with respect to 2003 period is observeBasque Country

and Castile-Leon. Furthermore, productivity advgataf GDPSis mostly explained by the
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technology gap between both school ownership, bisiedechnological gap higher than 1% in
Basque Country and Castile-Leon. However, as itmvastioned in the previous comments for

Alternative 1, these results are not significant.

Finally, Tables 12-15 present the results afteryapgp the proposed methodology to
Basque Country. Then, Tables 12 and 13 show EdudtiMalmquist indices in Basque
Country for each alternative described in sectiod. 2and their confidence intervals,
respectively. Several conclusions may remove frabld 12. Firstly, government-dependent
private schools are generally more productive thamblic schools within 2003-2009,
independently of the alternative used to match sbleool samples. Secondly, despite the
relevant productivity gap betwed?s and GDPS figures from Table 12 seem to indicate that
this GDPSadvantage is reduced in 2009. Then, the averaghugtivity divergence about 36%
in 2006 - it is only higher using Alternative 3 tmatch school samples- turns significantly to
about 22% in 2009. Thirdly, divergences in produtti are significantly explained by the
technological component, whose is especially high@006 with aGDPSadvantage respect to
PSabout 40%. Finally, the simulation for Basque @oyseems to indicate that the results are
not sensitive to the matching alternative, so kb#h Educational Malmquist index either the
main components have a similar sign independehgyalternative used to math both school
samples. Thus, we only calculate the Educatiorelhiquist indices using Alternatives 1 and 2

for Catalonia and Castile-Leon.

Tables 14 and 15 report the productivity gains agnboth school types in Basque
Country using alternatives described in section @1l their confidence intervals, respectively.
The main conclusion may remove from Table 14 i #@present a better and significant
productive evolution during the period 2003-200%nthGDPS Hence, the Educational
Malmquist ratio within this period is always hightttan unity, independently the alternative
analyzed, indicating th®S productivity superiority. Similarly, the generavadution within
2006-2009 again benefits RS However, it is not the matter in the period 2QU®6, in fact
the figures indicate &DPS advantage within this period. With the aim of eiping this
apparently opposite results, it must be pointediuatt althoughGDPSare more productive each
singular year, the disparities between both edogatisystems reduce in 2009. Thus, it is not
strange that the ratio favoPS when the period 2009 is considered. Nevertheksg,able 14
reports, theGDPS advantage is not relevant, being always under2éteindependently the
alternative used. Finally, the technology gap ignificantly the main component in the
Educational Malmquist for the ratios 2003-2006 2006-2009. However, the analysis of the
evolution within 2003-2009 is jointly explained bihe efficiency and the technology
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divergences, but both components are not signifieag case. Similarly, thBS productivity

advantage within the whole period is only significasing the alternative 4.
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5. CONCLUSIONS

Malmquist Index methodology is widely use in thtedature with the aim of measuring
the productivity growth within two time periods #te distance between eabiMU and the
frontier for each period. However, the traditioMdlmquist index needs a panel database to be

implemented, so it focuses on analyzing the evaiutif the same unit along the time.

In this paper, we propose a new approach that allesvto deepen on the productivity
divergences between different units within the sa®@&r. Thus, an Educational Malmquist is
built for comparing the average productivity digmacies between publicly finance educational
system, which includes both public and governmeamethident private schools, when only a

pseudo-panel database is available.

With this aim, we use school data from PISA 20a@R)&and 2009 that provide us with
wide information about the educational context linee Spanish regions: Basque Country,
Castile-Leon and Catalonia. Nevertheless, thisrredtere is only available for comparing
average differences between publicly finance sc&h®a students and schools are different each
wave. On the other hand, different approaches fdngaschool samples are developed,
including balance and unbalanced sub-samples, thithaim of showing that Educational
Malmquist results are not sensitive to the matchiltgrnative. Finallysimar and Wilsor1999)
approach is used to obtain confidence intervaldhferMalmquist indices and their components

through the bootstrap methodology.

The main results remove for our analysis may bensamzing as follows. Firstly,
government-dependent private schools are genemadise productive than public ones each
individual period. Thus, independently of the altdive used to match different school type’s
samples, in average government-dependent privéteokgenerally outperform public ones,
due to the technological superiority f@&DPS. However, the average productivity evolution
within 2003-2009 generally benefits to public sdspmas a consequence of the relative
reduction in the productivity discrepancies betwbeth school ownerships in the period 2009
related to the previous years. More in depth, algfiopublic schools are more productive year

by year, the differences are shortening within 22069.

Hence, several conclusions may highlight from thwieical analysis for these three
Spanish regions- Basque Country, Castile-Leon aathl@nia. Firstly, the process to match
different school types samples is not relevanttdube productivity evolution is quite similar in

Basque Country after using different alternativesptiring the school samples each year.
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Secondly, considering the proportion of teachetharge of a group of students, it benefits to
government-dependent private schools. This resay fbe a consequence of the relative
advantage in public school, so these last schaekept a higher proportion of teacher related to
the total number of registered students. Hencec&dnal Malmquist is built using DEA
methodology to obtain the distance of each unibh&frontiers, so public schools are penalized
due to the present a better input endowment comgpaxith government-dependent private
ones. Thirdly, a reversed v shape pattern is obddrvthe productivity evolution in all regions.
Thus, the productivity gain for government-depengeivate schools increases in 2006, which
is considerably higher than in the previous andfttiewing years. In fact a widely analysis
about the public educational system characterititng this period is necessary to explain this
pattern of behavior. Finally, our results seem rnididate that more similar average family
characteristics among schools will increase thalyetvity in the public educational system.
Nevertheless, these conclusions should be integbrequtiously, since they are referred to a
particular context and time however their implioas are very relevant for the design of

educational-policy.
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This doctoral thesis has focused on the efficiemmalysis of secondary
education in Spain from both a temporal and a regigperspective. To this end,
different waves of the PISA database and alteraatiethodological approaches and

units of analysis have been used.

Since each chapter closed with a summary of thainmesults, this section will
provide some general conclusions which will beteglato different educational policy

measures. Possible lines of future research vah the identified.

Because of its effects on academic achievemestaitds out the importance of
the student's socioeconomic characteristics ambegindividual factors. The peer
effect, one of the school factors, is not quitessong, but is still very relevant for the
results. Unlike the previous two factors, tradiibachool resources have little effect in
explaining academic achievement, and their effexdg be even zero (as is the case for
the student-teacher ratio). These results arenia With those obtained using other
techniques (multilevel, mainly) for other countr{elanushek2003) as well as for Spain
(Calero and Escardibuk007,Calero et al.2009). With regard to the effect of a series
of control variables, the immigrant status (whetfiest or second generation) and
repeating a year are negatively associated witlstilngents’ efficiency. From a regional
perspective, the group of regions with a represmetgaample is, with the exception of
Andalusia and Catalonia, more efficient than thst,rleeing Castile-Leon and La Rioja
the most efficient Regions within the former grotdfnally, when decomposing the
inefficiency unexplained by the control variabléssi found that a major part (87%)

corresponds to the students, with only 13% beisg@ated with the schools.

The results of the efficiency analysis allow onaliscuss different educational
policy proposals, including some that came to treffont of the political debate in the

last regional electiodd

The effects on academic results do not support plfaposed solution of
increasing the school resources. Neither does negltise number of students per class

73 It was the case of Madrid, with proposals ofusddg the number of pupils per class (PSOE) or
segregating the pupils (PP).
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seem to improve their efficiency, apart from th#iclilty of increasing the number of
teachers and the additional costs that this wawdlve.

Regarding policies of educational segregationjriy@ortance of the peer effects
should be taken into account. Although segregatieg best students could increase
their academic results, reducing educational sedyegwould likely lead not only to a

reduced inequality in academic achievement buttalsorise in its aggregate level.

The negative effect on efficiency of repeating ary@unds a warning about the
complexity and magnitude of the problem. This isvidespread phenomenon in our
country* and is a clear sign of general school failure,clvhilso reaches very high
relative levels in Spalf. It seems advisable to act at early ages andvierakdirections
in coherence with the complexity of the problemingabeyond the purported solution
of just repeating the year.

The inefficiency part explained by the schoolsnsal, what can be seen as an
element of equity in the educational system, pasitherefore in the sense that, once
personal characteristics are taken into accounindicates an absence of major
differences in results due to the fact of attending or another school. Moreover, the
importance of the inefficiency explained by thedsmts and the relevance of their
socioeconomic level in the academic results pairthe need for wide-ranging policies
in order to reduce socioeconomic inequalities. iFlredevance of the school ownership
(whether public or government-dependent privateosiihdisappears when quasi-
experimental techniques are applied to avoid aag bi the students’ selection. In this
case, the government-dependent private schoolsaappde more efficient, although
the spatial analysis show the results to vary fooma Region to another, thus indicating
that it would be an error to draw any general cesioins in this regard.

Finally, regarding future lines of research, tweas may be considered. One is

straightforward and would replicate the regionahlgsis of educational efficiency by

74 According to PISA 2009, repetition of a yeareaff a third of the pupils in Spain, at some 231soi
above the OCDE mean and 21.5 points above the Eu (@ECD, 2010).

75 Understood as the early drop-out of educatioth@percentage of the 18-24 year old populatioa wh
have not completed the second stage of Secondargaidn and who are not following any kind of
formal studies or professional training. The figéoe Spain in 2010 was 28.4%, twice the averagthef
EU (Ministerio de Educacion, 2011).

150



school ownership using the data provided by the920ave of PISA. The other would
extend the application of the Educational Malmqtnsex to more Regions on the basis
of the samples of 2006 and 2009. Furthermore, twerdd be methodological interest,
for example, in estimating the Educational Malmguiglex by means of parametric
techniques that would allow a sensitivity analysfsthe results to be made, or in
applying a Monte Carlo approach to estimate thefidence intervals of that index
instead of the bootstrap technique propose&ibmyar and Wilsorf1999) and which has

been used in the present work.
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