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Abstract

This paper uses an innovative approach to evatdhteational performance of Spanish students
in PISA 2009. Our purpose is to decompose theirradlvenefficiency between different
components with a special focus on studying thdemihces between public and state
subsidized private schools. We use a techniqueratsipy the non-parametric Free Disposal
Hull (FDH) and the application of robust ordarmodels, which allow us to mitigate the
influence of outliers and theurse of dimensionalitySubsequently, we adopt a metafrontier
framework to assess each student relative to thregsaup best practice frontier (students in the
same school) and to different frontiers construdteth the best practices of different types of
schools. The results show that state-subsidisedhtprischools outperform public schools,
although the differences between them are sigmificaeduced once we control for the type of
students enrolled in both type of centres.
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1. INTRODUCTION

Since the pioneer study of Colemanal (1982), the debate about the performance of fariva
and public schools has become one of the maindagicesearch in a wide range of educational
contexts (Rouse and Barrow, 2009). In general teinis widely assumed that private schools
are likely to perform better than public schoolsdese market competition forces them to
achieve a more efficient use of resources (Friedarah Friedman, 1981; Chubb and Moe,
1990; Hoxby 2003). However, empirical studies corimgaboth, public and private schools,

need to control for differences in the personal sado-economic background of students as
well as the potential self-selection bias that esise because more informed and motivated
parents are more likely to apply to better sch@blayston, 2003; Tamm, 2008; Burgess and
Briggs, 2010).

The conclusions reached in the vast literature @elvto this issue are mixed. Some studies find
that private schools do better, even after comtiglfor the aforementioned factors (Jimémez
al., 1991; Toma, 1996; Altongt al, 2005; Dronkers and Roberts, 2008; Annahdl, 2009;
Dronkers and Avram, 2010; Kim, 2011), although thodferences are reduced or disappear
when those variables are taken into account (\liand Carpenter, 1991; Goldhaber, 1996;
Sander, 1996; McEwan and Carnoy, 2000; McEwan, 288ih and Urquiola, 2006; Chudgar
and Quin, 2012) or even public schools can outperforivate ones (Bifulco and Ladd, 2006;
Newhouse and Beegle, 2006).

This paper contributes to the above literature pphang a new method to estimate the
differences in efficiency between public and prévathools. In this sense, it must be noted that
the educational system in Spain represents a r#lease study, since two types of schools
compete for public funds: public and state-subsidigrivate schoolsThe former are managed
by public authorities while the latter are owned amanaged directly or indirectly by a private
non-government organization (mainly Catholic eesifi This scheme aims at allowing parents

to freely design their preferred school and, inttige stimulating competition among schools to

! There are also private government-independentasshoontrolled by non-government organizations,
which are mainly funded through student fees. Hagein this paper, we focus only on the publicly
financed schools.

2 According to the regulation, these institutions caly benefit from government subsidies if thelfiffu
some requirements, such as providing educationdirebarge, maintaining a certain rate of pupiktes
ratio, teaching the official curriculum and notoaling any type of discrimination among studentthigir
admission processes. See Mancebon and Mufiiz (2008anceboret al (2012) for details.



improve their performance. In this context, the panson between their levels of efficiency

becomes extremely attractive.

In fact, the recent literature provides some erogirstudies focused on this comparison using
Spanish data with different methodological appreachalthough the findings are still
inconclusive. Hence, Mancebon and Mufiiz (2008) aldfind significant differences after using
an extension of Silva Portela and Thanassoulisi(Ppfbposal. The same conclusion is reached
by Calero and Escardibul (2007) using multilevealgsis and Perelman and Santin (2011)
using parametric stochastic distance functions.ddbanet al. (2012) obtain even better results
for public schools combining the use of multileaeklysis with the same extension of DEA. In
contrast, Crespat al (2013) conclude that, after applying a propensitpre matching
technique to correct the potential bias, studemitsnding state-subsidized private schools

perform significantly better than students from lpubchools.

In this paper, we combine the application of twoerdgly developed nonparametric methods to
estimate the efficiency of both types of schoolsstly, we use the orden partial frontiers
approach (Cazalet al, 2002) in order to avoid some of the main drawbaof the
nonparametric methods, such as the high impactypical observations or the bias that can
arise when the evaluated units (students) are gobuto groups (schools) of different size
(Zzhang and Bartels, 1998). This approach consistsistng only part of the samplan(
observations) to determine efficiency scores, thumitigates the impact of outliers and
potential errors in data and assures the samefaizbe reference set, avoiding tharse of
dimensionalitythat systematically pursues the traditional nonpataic estimations (Daraio and
Simar, 2007). Secondly, in order to assess thepeance of both types of schools we adopt
the metafrontier framework, developed by Battesg Rao (2002), Batteset al. (2004) and
O’Donnell et al (2008). This method allows us to assess eaclestuglative to their own
group (meaning, students attending the same typsclodols) and, secondly, to the overall

metafrontier, constructed from the best practiddsoth types of schools.

De Witte et al. (2010) were pioneers in using those methods tesasthe performance of a
sample of British secondary schools, although trdy evaluate public centres. Chercleteal
(2010) also used a robust nonparametric approaessess educational efficiency of Flemish
pupils attending public and private primary schoad#though their comparison between
different types of schools is based on stochagtinidance criteria. De Witte and Kortelainen
(2013) use the partial order-approach to estimate the efficiency of Dutch mupil PISA, but

their focus is placed on the identification of egngus variables affecting the performance of
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students and not on comparing public and privateoals. Finally, Thiemeet al (2013)

represents the only previous study in which botpragaches employed in this paper are
combined to assess the performance of studenténiany education in Chile, although they do
not consider the managerial decomposition betwedtiqgpand private schools. Therefore, this
paper represents the first combined applicatiorba@h methods using data from secondary
schools. In particular, we analyse the performamic€panish students in PISA 2009, which
provides a wide volume of data regarding multietérs that can affect the performance at

student and school level.

One of the main advantages of this paper is thsilpitis/ of working with student level data,
which facilitates the interpretation of the resutsd assist in the estimation of the multiple
factors affecting the performance of students (Semsrand Wolf, 1977; Hanushekal, 1996).
Furthermore, the measurement of efficiency at studevel allows considering separately
student’s own socioeconomic background and théioaicnates” one (the so-callpder-group
effec), two inputs which cannot be simultaneously ineldidvith aggregated data (Santin,
2006).

The rest of the paper is organized as follows. i8&e@ presents the methods used to estimate
students” efficiency and separate the school ef@ition 3 describes the main characteristics
of the dataset and the criteria followed to sefleetvariables included in the analysis. Section 4

discusses the main results. Finally, section 5igesvconcluding remarks.
2. METHODOLOGY
2.1. The deterministic model

The definition of the production technology thastadent uses to acquire knowledge is a very

difficult task. The only thing that we know is thaupils transform a set of inputs

X(xOOY) such as their own capabilities or their parentatkeound into heterogeneous

outputsy(y 0 9), usually represented by their results in standartiest scores. This can be

represented by equation (1):

W= {(x, y)OOP* |x can producy } (1)



Given that the production set cannot be observemesassumptions are required such as the
free disposability of inputs and outputs and thasifelity of all the combinations of those

variables. In order to estimate the relative efficiy of each student, we need to constitute a
frontier that represents the best performing sttedérhis boundary set is characterized by the

following expression:
oy ={(x y) Oyl y) Dy, 00< 8 < 1 (x,Ay) D, 04 >1} @)

According to this definition, the efficient studenwill be part of the frontier, while the
inefficiency of those that do not belong to thentier can be measured using equation (3) for
input orientation or equation (4) for output orindn. However, in this paper we will focus on
the latter option, since in the educational contbxt goal of the pupil is to achieve the best

feasible results.

8(x,y) =inf{él(ék.y) Dy} (3)
6(x,y) = sudA|(x, Ay) Dy} @)

A procedure to measure the relative inefficienayresf andJ is represented by nonparametric
techniques, represented by Data Envelopment ArsahBEA— (Charnest al, 1978) and Free
Disposal Hull -FDH- (Deprinset al, 1984). This approach is based on mathematical
programming and does not require the impositioraadetermined form on the production

function. Both DEA and FDH estimate the technolsgyy by the smallest sef that envelops

the observed data, but FDH differs from DEA inrgmoval of the convexity assumption:
Do :{(x,y)DDf+q|ys yiX2 X;i=1,....n } (5)

In practical terms, this implies that each unitdent) is compared only to other existing unit
(student), and that it cannot be evaluated agamgsconvex combinations of efficient units. As
a result, the FDH frontier can be considered evererflexible than DEA, since there are even

fewer required assumptions.

Although DEA is more popular among researchersénfield of education, in our study we opt
for using FDH because it has higher flexibility, ihs comparatively superior asymptotic

properties (Parlt al, 2000; Simar and Wilson, 2000) and it ensuresdhaeference units are



reaf. The output oriented efficiency scoréFgH ) of an observation can be obtained by solving

the mixed integer linear programming problem inadomun (6):

A

N N N
Do = max{A‘Ays INAREIN LW
i=1 i=1 i=1

Ly, ofod;i =L....,n} (6)

where é’FDH =1 denotes an efficient pupil, WhiléFDH > limplies that the pupil is inefficient.

However, this nonparametric approach, as well a8, [pifesents some significant shortcomings
that should be born in mind when using nonparametethods to assess efficiency at student
level: (1) statistical inference is not possibleedw its deterministic nature; (2) it is very
sensitive to the presence of outliers and measureragors in data; (3) it experiences
dimensionality problems due to their slow convermgerates. In the next sections, we explain

some approaches that can be used in order to owertieese limitations.
2.2. The robust approach

The first attempts to improve the robustness ofpasmmetric methods were the works of
Kneipp et al. (1998) and Simar and Wilson (2000). Subsequer@ilgzalset al. (2002)
introduced the robust order-estimation. This approach is related to the FDtiredor, but
instead of constructing a full frontier, it creategpartial frontier that envelops onig (>1)

observations randomly drawn from the sample. Thicgdure is repeatdsi times resulting in

multiple measureséA(rlni énf,) from which the final ordem efficiency measure is computed as

the simple mean&m). Specifically, the ordem efficiency score is derived from equation (7):

y
0, = E{mini:lmm{maxj:lmp(%j}|yi > yIl 7)

where thep-dimensional random variables... %, are drawn randomly and repeatedly from the
conditional distribution of X givern; >y. This estimator allows us to compare the efficjeot
an observation with that af potential units that have a production larger quag toy. As it

does not include all the observations, it is lemssiive to outliers, extreme values or noise in

® Oliveira and Santos (2005) also use this apprtmelssess efficiency in the educational context.



the data. Aan increases, the expected orderestimator tends to the FDH efficiency score

(é’FDH ). For acceptablen values, normally the efficiency scores will praseslues higher than

unity, which indicates that students are ineffitieas outputs can be increased without

modifying the level of inputs. Whed <1, the student can be labelled as super-efficiemtes

the ordemn frontier exhibits lower levels of outputs than #tadent under analysis. This is not

possible in the traditional nonparametric framewohere by constructiofl = 1.

Moreover, this approach allows us to avoid the |emobof bias that can arise when we compare
groups of units on a different size, which is tlasecin our application with schools, since the
mean level of efficiency generally depends on tkistiag observations in each school (Zhang
and Bartels, 1998). This problem can be reducedidiyg the samen parameter for every
school, which implies assuming that the performawfcevery student is compared to the same
number of students independently of the humbetuwafents in his/her school. In our case, we
determine the value ohthat equals the size of the smallest school irddta set (20), since it
fits better in the metafrontier framework (see bgloThe main advantage of a lower trimming
value m is the reduced sensibility to outlying observagidn the sample, although it also
implies that the probability of drawing the evakrt observation is rather low and,

consequently, we will observe more super-efficidmgervations.
2.3. The metafrontier approach

Independently of the method employed to estimageefficiency coefficients, we need to bear
in mind that part of those estimates derives fromdnvironmental situation of the school they
attend. Therefore, results obtained with frontiededs need to control for this heterogeneity in

order to give significance to the results.

For that purpose, we adapt the metafrontier appragveloped by Battese and Rao (2002),
Batteseet al (2004) and O Donnekt al. (2008) to deal with a hierarchical structure iriagla

which is typical in the educational context, whetedents (level 1) are nested within schools
(level 2). This approach measures the efficiencyuits relative to separate best practice
frontiers and allows us to decompose the performafieach student into a part attributable to
the school and a part attributable to his/her skiflthere ard schools, each having their own

technology and environmental factors, a metafroniée defined as the boundary of the

unrestricted technology set. Hence, the metafrorgievelops each of the separate group



frontiers. Separetely, the local efficiency of #tadent with regards to the type of school he is

involved in is measured relative to thobservations in the school sample:

6" (%, ) =inf{6"|(6x,. v,) D*} )
where the technology set for grokips defined as

Wk = {(xk ,Y,) OO | xccan produce } 9)

If all the schools have potential access to theesanvironment, all the observations can be
pooled and students can be evaluated relativeetgdme standards. Thus, the metafrontier can

be represented by the technology set defined by:
W= {(x, y) OO |x can producy } (10)

This approach is basically an extension of the gsap by Silva Portela and Thanassoulis
(2001) and Thanassoulis and Silva Portela (2002)ldocompose the effect of school from
students” inefficiency as well as to distinguishwzen the types of funding regime under which
the school operates. Given the purpose of thisrpameare more interested in the latter issue,
although we will take into account both aspectthan metafrontier framework. Thus, in a first
step two different types of frontiers are defindae local frontier specific for each school,
which can be interpreted as the student-within-sthéficiency and the overall frontier, which
represents the student-within-all-schools efficierccording to this definition, the distance to
the local frontier depends only on the studenffisiehcy (STE whereas the distance separating
the local and the overall frontier can be interpdeds the school efficienc$$CE. This can be
illustrated in Figure 1, where the efficiency lewdla student depends on the level of the
output achievedy() using his input endowment.]. This student is inefficient, since there are
students in the same school obtaining better e§U)twith the same amount of inputg)( The
student effect can be defined by the ratio betwibenlocal potential output divided by the
actual output$TE=a"=y'/y,). When this student is compared with the metaieonthe overall
efficiency can be defined &E = o "=y '/y.. From those two measures of efficiency, the school
effect can be automatically derived 8CE = y'/y'’= OE/STE.In summary, the global
efficiency can be decomposed in two effe@& = STE x SCEk (model } (Thanassoulis and
Silva Portela, 2002).



However, in order to represent adequately the bgesreity that exists in each school, the
metafrontier needs to consider not only studerd,dait also additional variables representing
the characteristics of students attending eachas¢hbiemeet al, 2013). If we do not consider

these variables, we are implicitly assuming théttte¢ schools are operating with the most
favourable environment, which would not be reaimany cases. Therefore, it is possible to
improve the definition of the school effect (SGEy,/y >1) by considering additional variables.

In particular, we incorporate information abouteaatditional variable: the socioeconomic status

of students enrolled in the same school, i.e.sthealled peer effett

The consideration of this variable is based onassumption that the composition of schools
and classrooms is not random, since it typicallifeots neighbourhoodharacteristics and
therefore the family background of students. Thisterg literature has used a wide variety of
approaches to identify the peer effect (Mc Ewa®3Qefgren, 2004; Lavet al., 2012), which

is usually identified by some variable related tisdent’s classmates. However, we construct a
variable based on the average of the schoolmate&iesonomic characteristics due to the lack

of data at class level in the PISA dataset.

Specifically, we have estimated a new modelodel 2 that allows us to expand the
decomposition of the overall efficienc{DE = STE x SCE x PEE, where the peer effect can
be defined a®®EE = oy= y /yi. This decomposition is represented in Figure 2, re/tthe
metafrontier 2 considers the characteristics oflestts corresponding to the school under
analysis, while metafrontier 1 assumes that th@alchas the optimal level of environmental

factors.

Finally, as we are interested in the effect of ®whool type (public and private), the
metafrontier needs to be separated between thetypas. Silva Portela and Thanassoulis
(2001), based on the previous work of Chareé¢sal (1981) to decompose the overall
efficiency, defined two components: managerial grdgramme inefficiency. Thus, this

approach allows us to distinguish between inefficie attributable to the institutional

characteristics of the school where the studengsearolled and those attributable to the
management regime under which it is operating. éddehe different formal rules Spanish
public and private schools are subject to may erfbe their relative performance. As an

example, let us pay attention on how it is regualdte teachers’ contracts. On the one hand, in

* The extension to incorporate additional variabtepresenting the school environment would be
straightforward.



the public schools the director has no capacitgdoide which profile of teachers should be
hired (civil servants have stable position and stemm contracts are offered to other teachers
without considering the directors’ opinion). On thiber, state-subsidized private schools have
more flexibility, since the director can manage pinecess to hire new teachers. Although it is
not granted in advance, directors of private schaaln take advantage of this flexibility and
configure a more homogeneous and focused staff,whwetly, can improve the school’s
performance. Nevertheless, public schools tradiigrhave more qualified teachers with better
pedagogical skills and more experience, althoughldbk of positive incentives can influence
their behavior and reduce the enthusiasm. An amiditi factor, coming from the human
resources literature but very important in the etioa sector, is that the long term horizon in
public schools can influence a positive comprontiéhe teachers with the strategic goals of
the school (Lépez-Torres and Prior, 2013). Summipgthe question on how interferes the
institutional form of the school on the levels t§ efficiency has not an obvious answer, as

competing forces can play a role to modify theeffsdct.

In order to estimate this new frontier (metafron8¢, we need to divide the whole sample of
schools into two different subsamples, thus stiglarg only compared among others attending
the same type of school (public or private). Themefthe previous school effect is decomposed
into two different effects: the type of scho8IGT = a,= y1/y,) and the new school effect (SCE

= y,ly’>1) (Figure 3). Once we have defined these new coems of the overall inefficiency,

it is straightforward to decompose it between tielent effect, the type of school effect, tiet
school effect and the peer effe®E = STE x SCE x SCE x PEER (model 3).

3. DATA AND VARIABLES

In this study we assess the performance of Spatistents in PISA (Program for International
Student Assessment) data set in 2009. This sanopi@rises more than 25,000 students who
are enrolled in almost 900 schools, among whictcare distinguish three different typologies:
public, state-subsidized private and pure privatesls. As we are only interested in comparing
the performance of schools with a public funding, excluded totally private schools from the
samplé. Likewise, we also removed schools were the nurobawailable observations did not
reach a minimum number of students (20). As a resut sample consists of 22,317 students

belonging to 737 schools, among which two thirds @wblic and one third are state-subsidized

® Following the same criterion used in Cresgioal (2013), private schools are classified as state-
subsidized schools if they receive more than 50 #eir funding from public authorities.
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schools (33%). Table 1 provides information on bsthdents and schools included in the

sample.
Table 1. Number of students and schools in the Eamp
Students Schools
Type of school
Number % Number %

Public 14847 66.5 487 66.1
Private state-subsidized 7470 335 250 33.9
Total 22317 100 737 100

With regard to the selection of variables, we fallthe same approach used in Mancebon and
Mufiz (2008), where a restrictive efficiency notios estimated taking into account the
relationship between the academic results obtainedstudents and their socio-economic
background, since this indicator fulfils the reguaments of being continuous and have high
positive correlation with outcome variables (e.glénanet al, 1966; Goldhaber and Brewer,
1997; Hanushek, 2003). According to this criteriae, evaluate whether the student is making
the most of their potential ability, using his/tsercioeconomic background as a proxy for this
concept, or his/her performance is below the exuedtvel, i.e., the student-within-school

inefficiency.

The results obtained by students in the three ctanpes evaluated in PISA, mathematics,
reading comprehension and sciences are used astadotficators. These results are not
expressed by only one value, but by five denomihplausible valuesandomly obtained from
the distribution function of test results derivadm the answers in each test (Rasch 1960,
1980), which can be interpreted as the representaif the ability range for each student
(Mislevy et al, 1992; Wu and Adams, 2002). Although PISA analystommend to use all of

them to obtain more consistent estimations, inamalysis we use the mean value of those five
plausible values, since the robustness of ressilggiaranteed by the use of the onater-
approach, which reduces the impact of measurenrenit By drawing repeatedly (B

times) observations from the sample.

The input is measured by students’ socioeconomikdraund ESCS, an index of economic,
social and cultural status of students createdPByA analysts that captures a range of
aspects of a student’'s family and home backgrodvad tombines information on
parents’ education and occupations and home passssshe first variable is the

higher educational level of any of the student’'septs according to thimternational
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Standard Classification of Educati¢fSCED, OECD, 1999). The second variable is tiynést
labour occupation of any of the student’s parent®rling to the International Socio-economic
Index of Occupational Status (ISEI, Ganzebaetnal, 1992). The third variable is an index of
educational possessions related to household egon@ien that this continuous indicator
presented negative valleshe original values have been rescaled. As altrethe variable
fulfils the requirement of isotonicity (i.eceteris paribusmore input implies equal or higher
level of output) preserving the desirable propeityranslation invariance (Cooper, Seiford and
Tone, 2007).

Finally, we have selected a variable to includerimiation about the characteristics of students
in each school. This variable is represented bydamtes’ background, i.e., the so-called
peer-groupeffect (Patrinos, 1995). It is defined as the agerlevel in the variable ESCS of
students from the same school, whose theoreticalngt lies in the fact that the level of
knowledge that can be achieved by a student demiretsly on the characteristics of his/her

schoolmates.

Table 2 reports a comparison between the valugsitfc and private state-subsidized schools
in the four selected variables at student leveteghoutpus and one input) as well as the
indicator representing the type of students in esutiool. We can observe that private schools
obtain higher values in all the outcome variabldswever those differences can be explained
by the “higher quality” of pupils attending eachpéy of school, represented by their socio

economic index.

Table 2. Descriptive statistics of variables inéddn the analysis

State subsidized

Public Schools Private Schools

Variables Mean Std. Dev. Mean Std. Dev.
Outputs

Mathematic scores 479.545 91.049 512.271 81.048
Reading scores 472.620 88.386 508.133 76.287
Science scores 481.199 88.370 511.838 76.236
Inputs

Index of economic. social and cultural status (ESCS) 5.861 1.026 6.409 0.989

Average index of economic, social and culturalustat

(ESCS_mean) 5.859 0.424 6.378 0.507

® The values of th@ISA index of economic, social and cultural statese standardized to a mean of
zero for the total population of students in OEGIDmtries, with each country given equal weight.
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4. RESULTS

In this section we present the results obtainexdguie robust ordem approach to estimate the
efficiency levels émi) in the three models. First, we estimate modeVHich only allows us to

separate the school effect from overall efficiemayculated for each student. Secondly, we
estimate two different metafrontiers in order tolase the school effect from other components
of inefficiency. Thus, model 2 determines the intance of the peer effect and how this can
reduce the school effect and, subsequently, in m®dee consider the different institutional

rules affecting public and private schools. Themefin model 3 the school effect will appear as

a residual, after isolating the impact of the peed the institutional effects.

In our analysis, we use an output orientation,esinath the individual students and the schools
are attempting to maximize their attainment. Asmentioned previously, we select the value
20 for them parameter and we use 200 bootstrap iterationdqiB3tatistical inference. The
estimation of metafrontiers 1 and 2 uses the whalaple, while the estimation of metafrontier
requires the division of the sample between pudlid state subsized private schools. Finally,
the decomposition of inefficiency between differeffects (STE, SCE, SCT and PEE) requires

the estimation of one partial frontier for eactv8% schools.

Table 3 reports the summary statistics of the egéchscores for model 1 in all the schools. The
overall efficiency &) for each student in the sample has a mean vaiuk. 1793, which
indicates that if all students would perform agcedhtly as the best practice students, the test
scores could increase on average by 18¥%must be pointed out that, according to model 1
most of the inefficiency found is attributable tbet student effect (1.1279 on average),
substantially higher than the school effect (1.0d6kverage). Moreover, it is worth noting that
some pupils have a performance score below 1. Tsigser-efficient students are performing
better than the average of tha € 20 students they are benchmarked with. Accordinthé
data shown in Table 4, we can observe that theresignificant divergences between public
(1.2017) and private centres (1.1350). The leveinefficiency attributable to the student is
similar in both types of centres, which means thast part of the differences on the overall
inefficiency depends on the school effect. Accogdin the structure of model 1, the effect
attributable to the schools is obtained by dividing overall efficiency scoret() by the student
effect @). Table 3 indicates that the mean value of tfffisce is 4.6%, although behind these

" This percentage would be higher (22.5%) if we ardgsider the inefficient students.
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values it is possible to detect that public schamks more inefficient than private schools
(5.87% vs. 2.11% in Table 4). Those differencessagaificant according to the value of the

Mann-Whitney nonparametric test applied to thedeesm

Regarding this point, the results obtained for nh@are especially informative, because they
allow us to distinguish which part of the schookfiitiency can be explained by the
socioeconomic characteristics of peers attendiagsétme school. The results reported in Table
5 show that the importance of this factor is nat televant if we consider the whole sample;
however, the comparison between public and privateools (Table 6) alert us about the
importance of this factor to explain the inefficignof students attending public centres
(3.63%), since it represents more than 60% of nii&l average score attributed to the school
effect (5.87%). In contrast, this factor has adeal impact on private schools (0.09%), since
most of them are actually facing a favourable aminent as we were assuming in model 1.
Moreover, in public schools there is also a sigaifit part of the inefficiency that depends on
the school the student is enrolled (2.16%), whiie tomponent has a lower impact in private
schools (1.27%).

Finally, the values of the school type effect cilted in model 3 have a mean value very close
to 1, with a very low standard deviation for thealéhsample (Table 7). This evidence shows
that, once we have taken into account the typeualesits attending to each type of schools, the
effect attributable to the type of school on ingéincy is almost inexistent (0.997). Therefore,
the remaining divergences in terms of inefficiemgpend on the residual factor, i.e., those
variables representing the characteristics of dehibat have not been included in the analysis
(school effegt

Although the importance of the school type effectoiw, the comparison between public and
state subsidized private schools (Table 8) allosvioudentify that the average score assigned to
this effect is lower in private schools than in alschools, which indicates that the former
(where the average level of the variable ESCSghdr) outperform the latter. This evidence is
confirmed by the existence of significant differeadn the mean values corresponding to the

two subsamplds

8 Differences between both types of schools aresitguficant at 1% level, according to the valuéthe
Mann-Whitney test.
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Table 3. Decomposition of overall efficiency betwestudent and school effect (Model 1)

Inefficiency component Mean Std. Dev.Minimum 5%  1st quartile Median 3rd quartile 95% Maximum . M(_ea_m .Std'. D_ev.
(inefficient) (inefficient)
Overall efficiency, OE(") 1.1793 0.2174 0.7227 0.9348 1.0346 1.1331 U273 1.5747 8.6560 1.2255 0.0015
Student Effect, STEa') 1.1279 0.1686 0.7736 0.9737 1.0000 1.0796 1.19981.4533 5.9110 1.2310 0.0017
School Effect, SCE(a"/a) 1.0461 0.1136 0.7833 0.9207 0.9759 1.0228 1.08711.2499 4.0391 1.2390 0.0019
Table 4. Decomposition of overall efficiency betwextudent and school effect by type of school (Mdgle
Inefficiency component Public schools State-subsidized schools
Mean Std. Dev. Minimum Maximum Mean Std. Dev. Mimmum Maximum
Overall efficiency, OE(") 1.2017* 0.2356 0.7227 8.6560 1.1350* 0.1673 e1%% 2.2838
Student Effect, STHa') 1.1357* 0.1808 0.7736 5.9110 1.1123* 0.1400 0400 2.2638
School Effect, SCE(a"/a) 1.0587* 0.1214 0.7833 4.0391 1.0211* 0.0913 0279 1.9784
*Test statistics significant at 1% level. (non-pardric Mann—-Whitney test)
Table 5. Decomposition of overall efficiency betwestudent, peer and school effect (Model 2)
Inefficiency component Mean Std. Dev.Minimum 5%  1st quartile Median 3rd quartile 95% Maximum . Mea_m .Std'. Dev.
(inefficient) (inefficient)
Overall efficiency, OEd") 1.1793 0.2174 0.7227 0.9348 1.0346 1.1331 K273 1.5747 8.6560 1.2255 0.0015
Student Effect, STHa') 1.1279 0.1686 0.7736 0.9737 1.0000 1.0796 1.19981.4533 5.9110 1.1830 0.0013
School Effect, SCE(a/a) 1.0281 0.1085 0.7735 0.9099 0.9617 1.0062 1.06611.2243 4.1379 1.0935 0.0009
Peer Effect, PEfa'"/a;) 1.0174 0.0264 0.9304 0.9939 1.0042 1.0125 1.02301.0532 1.5843 1.0213 0.0002
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Table 6. Decomposition of overall efficiency betwestudent, school-type and school effect by typscbbol (Model 2)

Inefficiency component Public schoglg ' State-subsidised .s.chools '
Mean Std. Dev. Minimum Maximum Mean Std. Dev. Mimmum Maximum
Overall efficiency, OE(") 1.2017* 0.2356 0.7227 8.6560 1.1350* 0.1673 903 2.2838
Student Effect, STHa') 1.1357* 0.1808 0.7736 5.9110 1.1123* 0.1400 0400 2.2638
School Effect, SCE(a,/a) 1.0216* 0.0302 0.9304 1.5843 1.0127* 0.0902 9979 1.9721
Peer Effect, PEH0"/ay) 1.0363* 0.1158 0.7735 41379 1.0090* 0.0131 04975 1.1527
*Test statistics significant at 1% level. (non-pardric Mann—-Whitney test)
Table 7. Decomposition of overall efficiency betwextudent, school-type, peer and school effect @18y
Inefficiency component Mean  Std. Dev. Minimum 5% 1st quartile Median 3rd quartile  95%  Maximum (ine'z\;lf?ggnt) (iﬁé?ﬁg:r\{{)
Overall efficiency, OEd") 1.1793 0.2174 0.7227 0.9348 1.0346 1.1331 K273 1.5747 8.6560 1.2255 0.0015
Student Effect, STHa'") 1.1279 0.1686 0.7736 0.9737 1.0000 1.0796 1.19981.4533 5.9110 1.1830 0.0013
School Effect, SCE(ay/a") 1.0307 0.1081 0.7817 0.9130 0.9651 1.0094 1.06841.2255 4.0816 1.0930 0.0010
School-type Effect, SGl{ay/a;) 0.9976 0.0136 0.8440 0.9780 0.9903 0.9980 1.0051 0152. 1.3668 1.0083 0.0001
Peer Effect, PEK0"/04) 1.0174 0.0264 0.9304 0.9939 1.0042 1.0125 1.02301.0532 1.5843 1.0213 0.0002
Table 8. Decomposition of overall efficiency betwestudent, school-type, peer and school effecypg df school (Model 3)
Inefficiency component Public school_s. . State-subsidized gghools .
Mean Std. Dev. Minimum Maximum Mean Std. Dev. Minmum Maximum
Overall efficiency, OE(") 1.2017* 0.2356 0.7227 8.6560 1.1350* 0.1673 o1%% 2.2838
Student Effect, STHa') 1.1357* 0.1808 0.7736 5.9110 1.1123* 0.1400 040 2.2638
School Effect, SCE(o,/a") 1.0348* 0.1156 0.7817 4.0816 1.0225* 0.0908 881 2.0260
School-type Effect, SGlay/ay) 1.0015* 0.0093 0.9604 1.0591 0.9899* 0.0170 00844 1.3668
Peer Effect, PEHo"/ay) 1.0363* 0.1158 0.7735 41379 1.0090* 0.0131 04975 1.1527

*Test statistics significant at 1% level. (non-paedric Mann—-Whitney test)
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5. CONCLUDING REMARKS

In this paper we assess the performance of Spatuslents in PISA 2009 using data at student
level with the aim of finding divergences betweerblp: and state subsidized private schools.
Given the uncertain about the specification of fineduction technology in education, we
employ a nonparametric approach. In particulars ttudy represents the first attempt to
measure the efficiency of Spanish students in skngnschools by combining the use of the
recently developed orden approach with the metafrontier approach. The formethod
allows us to estimate robust measures of efficiendyile the latter makes it possible to
decompose the effect of students, schools and fileet eattributed to the type of school

(differences between public and private schools).

The main conclusion that can be drawn from ouryaiglis that state subsidized private schools
are more efficient, although the estimated inedficly attributable to students is similar in both
public and private schools. Actually, the final detposition of inefficiency allows us to detect

that the effect attributable to the school typalimost inexistent, while peer effect and school

effect have a greater impact on results, espedraliye subsample of public schools.

This result implies that a significant proportiohimefficiency in public schools depends on the
characteristics of students enrolled. Those diverge can be explained because students are
not randomly distributed between both types of sjosince students with a lower
socioeconomic status are prone to be enrolled blipschools due to the higher costs that

would entail to attend state subsidized schools

The results obtained in this study must be intéepgrecautiously, since we use a restrictive
notion of efficiency based on the relationship bewthe academic results obtained by students
and their socioeconomic background and only considee variable representing the
environment in the school (average of socioecondmickground as a proxy of peer effect).
Given that we have not considered any input of d4bkool, it implies we assume that the
allocation of resources is the same in all schadhsch may be difficult to believe when we are

comparing public and state subsidized private esntr

° Crespoet al (2013) point out that educational materials, extrericular activities, school bus and lunch
are usually more expensive in private schools (@ldd0% higher). Moreover, in most private schools,
parents are required to pay a fee to improve scfamilities or to offer some extra-curricular adies
while this fee does not exist in public schoools.

16



Figure 1. Metafrontier illustration (decompositiohstudent and school effect)
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Figure 2. Metafrontier illustration (decompositiohstudent, school and school-type)
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Figure 3. Metafrontier illustration (decompositiohstudent, school and peer effect)
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