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In this paper we use data from OECD countries participating in PISA 2012 to assess the efficiency of 

schools in a cross-country framework. In the analysis, and in contrast to previous applications, we con- 

sider that schools might concentrate their effort s on improving the results in one dimension of the edu- 

cational output to a greater extent than in the other. To do this, we rely on non-radial efficiency measures 

of performance and the estimation of an educational production function based upon Data Envelopment 

Analysis (DEA) techniques. Specifically, DEA non-radial measures allow for identifying different levels of 

inefficiency for each output considered (reading and maths). In particular, we apply a non-radial measure 

based on Ando et al. [5] and Aparicio et al. [12]. Our results show that the majority of schools in OECD 

countries tend to be less efficient in reading than in mathematics. 

© 2017 Elsevier Ltd. All rights reserved. 
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. Introduction 

The participation of the majority of nations in international

arge-scale comparative studies in education has provided re-

earchers with rich and extensive cross-national databases that can

e used to assess the performance and effectiveness of educational

ystems. As a result, comparative education studies have become

ncreasingly popular in education sciences today [49] , since re-

earchers can look at the entire world as a natural laboratory to

iew the multiple ways in which societal factors, educational poli-

ies and practices may vary across countries [19] . 

Most studies adopting a cross-country perspective are situated

ithin the field of educational effectiveness research, which ex-

lores the main determinants of educational achievement using an

conometric approach to estimate an equation in the form of an

ducational production function (see [32,51,78] ). This strand of lit-

rature investigates how inputs are statistically related with out-

uts. However, the potential existence of an unexpected level of

nefficiency in the performance of students, schools or educational

ystems also needs to be considered [57] . In this sense, the exist-

ng constraints of resources faced by most countries and the great

mount of national income devoted to educational costs, policy

akers and researchers have become increasingly concerned with

ssessing the efficiency of schools, although until now most of
� This manuscript was processed by Associate Editor Chien-Ming Chen. 
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xisting literature has been devoted to assessing schools operating

n the same country or region. 1 

To the best of our knowledge, only few studies have applied

rontier methods to micro data from those international datasets

o evaluate the performance of educational systems using a cross-

ountry approach. This line of research includes several works us-

ng data that has been aggregated at a country level from differ-

nt samples of countries participating in international tests such

s PISA [1,14,43,76,81] ; Agasisti [3,45] or TIMSS [44] . Likewise, we

an also find studies that compare the performance of educational

ystems in different countries using data at school level. For ex-

mple, Sutherland et al. [75] study the performance of schools

rom 30 OECD countries participating in PISA 2003; Agasisti and

oido [4] derives efficiency measures for more than 8600 schools

n 30 countries using PISA 2012 data comparing efficiency scores

nd measures of equity; Cordero et al. [31] evaluates performance

sing the metafrontier framework to compare and decompose the

echnical efficiency of primary schools from 16 European countries

articipating in PIRLS 2011. Finally, De Jorge and Santín [34] and

eutsch et al. [37] use PISA data at a student level to estimate the

fficiency of EU and Latin American countries, respectively. 

Those studies predominantly use nonparametric techniques like

EA or FDH [24,36] . These methods are generally based on Farrell–

ebreu radial efficiency measures, i.e. they reflect the ability of

he unit to increase different outputs (e.g. test scores in maths
1 Recent literature reviews on efficiency in education include De Witte and 

ópez-Torres [35] , Johnes [55] and [48] . 

http://dx.doi.org/10.1016/j.omega.2017.07.004
http://www.ScienceDirect.com
http://www.elsevier.com/locate/omega
http://crossmark.crossref.org/dialog/?doi=10.1016/j.omega.2017.07.004&domain=pdf
mailto:jmcordero@unex.es
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Table 1 

Ranking of OECD countries according to results in maths 

and reading. 

Country Maths Rank Reading Rank 

Korea 554 1 536 2 

Japan 536 2 538 1 

Switzerland 531 3 509 12 

Netherlands 523 4 511 10 

Estonia 521 5 516 7 

Finland 519 6 524 3 

Canada 518 7 523 5 

Poland 518 8 518 6 

Belgium 515 9 509 11 

Germany 514 10 508 13 

Austria 506 11 490 21 

Australia 504 12 512 9 

Ireland 501 13 523 4 

Slovenia 501 14 481 29 

Denmark 500 15 496 18 

New Zealand 500 16 512 8 

Czech Rep. 499 17 493 19 

France 495 18 505 14 

UK 494 19 499 16 

Iceland 493 20 483 28 

Luxembourg 490 21 488 24 

Norway 489 22 504 15 

Portugal 487 23 488 25 

Italy 485 24 490 20 

Spain 484 25 488 23 

Slovak Rep. 482 26 463 32 

USA 481 27 498 17 

Sweden 478 28 483 27 

Hungary 477 29 488 22 

Israel 466 30 486 26 

Greece 453 31 477 30 

Turkey 448 32 475 31 

Chile 423 33 441 33 

Mexico 413 34 424 34 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

e  

o  

s  

f  

r  

s  

u  

e  

m  

n

 

n  

t  

M  

a  

r  

‘  

t  

f  

d  

m  

[  

o  

b  

t  

p

 

d  

c  

p  

s  

i  

a  

t  

p

 

a  

t  

a  

p  

t  

t  

s  

m  

t  

a  

t

 

S  

m  

e  

t

2

 

[  

p  
and reading) equiproportionately. Nevertheless, schools sometimes

might concentrate their effort s on improving the results in one

dimension of the educational outcome more than in other one,

thus there might be trade-offs between outputs that cannot be

identified through radial efficiency measures. This intuition arises

from the fact that there is relevant cross-country divergence in

test results between maths and reading. Table 1 illustrates this ev-

idence by showing the ranking of OECD countries in these sub-

jects. Although, they are essentially similar, it is possible to observe

some countries with relatively better results in maths (Switzer-

land, Netherlands, Austria or Slovenia) or in reading (Ireland, New

Zealand or United States). 

In this paper we would like to explore the potential existence

of these trade-offs between reading and maths in an assessment

of the performance of schools from all OECD countries participat-

ing in PISA 2012 adopting a cross-national framework. For this pur-

pose, we rely on non-radial efficiency measures, which do not re-

quire an equiproportional increase in all the considered outputs,

thus we can calculate different projections on the frontier for each

output included in the production function. This possibility allows

us to detect whether some schools may be more efficient in pro-

moting their students´proficiency in reading, while other schools

could be more prone to enhance the results in mathematics. Like-

wise, the proposed approach can also be useful to explore other

potential trade-offs between educational outcomes such as the

relationship between cognitive and non-cognitive skills [30] 2 or
2 The relationship between those dimensions of educational outcomes is usually 

difficult to explore due to the difficulties of establishing a standard definition for 

non-cognitive skills. However, recently, the PISA survey has added some component 

t

o

i

b

u

ducational inequality and average achievement [45,76] . 3 More-

ver, since we adopt a cross-national framework, we can derive

ome interesting insights about the average performance of schools

rom the same country, making it possible to construct different

anking of countries according to the levels of efficiency demon-

trated in promoting different educational outcomes. This is an un-

sual approach in the literature on efficiency measurement in the

ducational sector, since most studies tend to analyze the perfor-

ance of schools treating test scores as the unifying outcome that

eeds to be improved. 

Some research in the literature has sought to construct different

on-radial efficiency measures such as the Russell measure [38,66] ,

he additive model [25] , the slacks-based measure [79] or the

ulti-directional Efficiency Analysis (MEA) approach of Bogetoft

nd Hougaard [18] and Asmild et al. [15] . In our case, we apply a

ecent methodology, fundamentally based on the application of the

output-oriented’ version of the Russell measure that determines

he closest targets and the least distance to the strongly efficient

rontier in DEA, based on Bilevel Linear Programming [12] . In ad-

ition, with the aim of satisfying monotonicity, a correction of this

odel is proposed based on Ando et al. [5] . Given that Ando et al.

5] did not show how to implement their approach without previ-

usly determining the explicit characterization of the set of points

elonging to the strongly efficient frontier, we show for the first

ime in this paper how this methodology can be implemented in

ractice. 

Moreover, we examine the potential determinants of existing

ivergence in the setting of production targets across schools and

ountries using a two-stage approach (DEA and regression). Among

otential drivers of schools´performance we distinguish between

chool factors in the surrounding context and variables represent-

ng students´attitudes toward mathematics and reading with the

im of exploring whether schools with students devoting more

ime to one of those subjects tend to concentrate their effort in

romoting that subject or the other one. 

The contribution of this paper is threefold. First, as we are

ware, there is no paper in the literature devoted to the estima-

ion of technical efficiency in education for OECD countries that

pplies non-radial measures. So, in this sense, the empirical ap-

lication that we present is original. Second, our analysis allows us

o determine, for the first time, which dimension (in particular, be-

ween reading and maths) presents more technical inefficiency for

chools in OECD countries. Third, as Aparicio [13] argues, current

ethodologies associated with the determination of the least dis-

ance in DEA lack real applications. Therefore, this paper represents

n example of the use of this type of techniques, which permits

he implementation of the Principle of Least Action in DEA [9] . 

The remainder of the paper is structured as follows.

ection 2 describes the methodology. Section 3 explains the

ain characteristics of the data and the variables selected for the

mpirical analysis. Section 4 presents the main results. Finally,

he paper ends with some concluding remarks in Section 5 . 

. Methodology 

Data Envelopment Analysis was introduced by Charnes et al.

24] under constant returns to scale for multiple inputs and out-

uts and later extended by Banker et al. [16] to variable returns to
ests designed to capture aspects of non-cognitive skills including openness, locus 

f control, and motivation [66]. 
3 In their empirical analysis of the performance of different countries participat- 

ng in PISA, Giménez et al. [45] claim that “for a given country, the results of the edu- 

cational process should not be constrained to the knowledge students acquire at school, 

ut should also include other outcomes such as the standard deviation of test scores (an 

ndesirable outcome of the educational process, in terms of educational inequality) ”. 
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Fig. 1. Differences between radial and non-radial measures. 

[  

t  

t  

T  

D  

t  

t  

[  

N  

R  

i  

o  

e

 

r  

D  

d  

p  

p  

c  

I  

t  

w  

s  

t  

f  

(  

t  

g  

a  

b  

o  

i

 

i  

i  

P  

P  

t  

B  
cale. Nevertheless, Farrell [39] was the first in showing, for a sin-

le output and multiple inputs, how to estimate an isoquant en-

eloping all the observations, implementing the seminal ideas of

hephard [71] regarding the input distance function. In all these

ases, the technical efficiency assessment of a Decision Making

nit (DMU) is based upon an ‘oriented’ measure of distance, which

dentifies a point on the isoquant of the technology with the same

ix of inputs (input orientation) or outputs (output orientation) of

hat of the evaluated unit. The conservation of this mix in move-

ents toward the boundary of the technology is the characteristic

hat gives a radial measure. 

However, many real-life situations require non-radial measures

f technical efficiency to be used. Any measure in DEA that does

ot adopt equi-proportional reductions of inputs or outputs is non-

adial. Indeed, a well-known drawback of radial measures is the ar-

itrariness in imposing targets on the isoquant preserving the mix

ithin inputs or within outputs, depending on the selected orien-

ation of the model, when the firm’s very reason to change its in-

ut/output levels might often be the desire to actually change that

ix due to their differing opportunity costs (see [23] , and [68] ).

n particular, in the context of education, some units (schools, for

xample) could be tempted, directly or indirectly, to upgrade some

pecific dimension, like science or mathematics, due to, for exam-

le, cultural characteristics and traditions inherent to the country

here they are geographically located. Additionally, from a DMU

oint of view, it may mainly be interested in the easiest way of

eing classified as technically efficient (especially for public “pro-

uction” like schools, and the regulatory pressure that could arise

rom being classified as inefficient rather than efficient). This type

f benchmarking strategy will be the focus of our contribution in

his paper. 

Regarding the existence of non-radial oriented models, DEA en-

ows practitioners with a toolbox full of possibilities. The first ap-

roach in this respect was due to Färe et al. [38] , who introduced

he Russell input and output measures of technical efficiency. After

hat, other oriented and non-radial measures were defined seek-

ng more flexibility than that provided by the radial measures as,

or example, the directional distance function [22] or the weighted

dditive models (see [47] or [28] ). In contrast to these two last

ypes of technical efficiency measures, the Russell input and out-

ut measures present some interesting properties. First, the di-

ectional distance function does not correspond to the Pareto–

oopmans definition of technical efficiency [56] . This implies that

t ignores the possible existence of slacks associated with the pro-

ected points on the boundary of the technology. In other words,

he directional distance function neglects some additional sources

f technical inefficiency. Conversely, the Russell measures always

enerate non-dominated projection points in the corresponding

nput/output space. Second, in contrast to the weighted additive

odels, which aggregate slacks by a weighted scheme, the inter-

retation of the Russell measures is easier. In particular, the value

f the Russel output measure can be interpreted as the average of

roportional rates of output expansion needed to be technically ef-

cient. 

Regarding the Russell measures, we want to highlight that there

re two clearly different paradigms for determining them nowa-

ays. On the one hand, we have the traditional approach, which

s associated with the identification of demanding targets. The tar-

ets are specifically the coordinates of the projection point on the

oundary of the technology and thus represent levels of operation

hat would make the evaluated DMU perform efficiently. This first

hilosophy is followed by the original definition of the Russell

nput and output measures [38] , where the total technical effort

equired by a DMU to become technically efficient is maximized

nstead of minimized, thereby generating the furthest projec-

ion points on the frontier. On the other hand, a recent proposal
12] has suggested determining the closest efficient targets through

he oriented Russell measures, minimizing, instead of maximizing,

he corresponding technical effort in order to reach the frontier.

his second approach follows a well-known line of research in the

EA literature related to the determination of the least distance

o the efficient frontier, the identification of closest targets and

he application of the Principle of Least Action (see, for example,

7–11,21,40,67,68] , Fukuyama et al. [42] and Ruiz and Sirvent [69] ).

ext, we graphically illustrate the main differences between the

ussell measures under the two philosophies and their compar-

son with the radial measure (see Fig. 1 ). To do that, we focus

ur simple example on the Russell output measure of technical

fficiency. 

In Fig. 1 , an output production set in two dimensions is rep-

esented. In this simple example, the only technically inefficient

MU is unit D = (2, 2). If it is assessed by the output-oriented ra-

ial measure, then unit B = (3, 3) is its corresponding projection

oint with a radial score of 1.5. This same value can be inter-

reted in terms of the Russell measures as the average of output

hanges associated with the radial projection: 1 . 5 = 0 . 5 · ( 3 2 + 

3 
2 ) .

n the case of the traditional ‘non-radial’ Russell output measure,

he projection point on the isoquant would be unit C (4.25, 2),

hich produces an average of proportional rates of output expan-

ion equals 0 . 5 · ( 4 . 25 
2 + 

2 
2 ) = 1 . 5625 . However, there is also an al-

ernative projection point on the frontier that yields the least value

or the average of output expansions. We are referring to unit A

3.25, 2): 0 . 5 · ( 2 2 + 

3 . 25 
2 ) = 1 . 3125 < 1 . 5 < 1 . 5625 . This last projec-

ion corresponds to the approach by Aparicio et al. [12] , which, in

eneral, determines the Pareto-efficient point more easily achiev-

ble for the evaluated DMU. Note that, for DMU D, it is possible to

e technically efficient improving output 2 only by 62.5%, instead

f enhancing output 1 and output 2 by 50% (radial projection) or

ncreasing output 1 only by 112.5% (traditional Russell projection). 

Other key issue in the measurement of technical inefficiency

s the satisfaction of some interesting properties. One of them

s monotonicity. Monotonicity relates the notion of efficiency to

areto optimality. Specifically, if unit A dominates unit B, in the

areto sense, then the measure of technical inefficiency associated

o A should be less than the measure of technical inefficiency of

. Briec [21] proved that Hölder distance functions meet weak
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monotonicity over the weakly efficient frontier. Ando et al.

[5] were the first in showing that Hölder distance functions do

not meet strong monotonicity on the strongly efficient frontier

and suggested a solution for satisfying weak monotonicity on the

strongly efficient frontier. Later, Aparicio and Pastor [8] proved

that the output-oriented version of the Russell measure is a well-

defined efficiency measure, satisfying strong monotonicity on the

strongly efficient frontier, if efficiency is evaluated with respect to

an extended facet production possibility set based on Full Dimen-

sional Efficient Facets (FDEF) instead of the standard DEA technol-

ogy. 

Indeed, Aparicio and Pastor [10] showed that this drawback

of the Hölder norms is associated with the dimensionality of the

strongly efficient frontier. On the other hand, Fukuyama et al.

[41,42] showed an alternative to the extension of FDEFs for endow-

ing least distances with the property of strong monotonicity. Their

approach is based on transforming the traditional definition of the

measure introducing in the corresponding optimization model an

auxiliary point that is dominated by the evaluated unit, and that

it is used to calculate the least distance to the strongly efficient

frontier. Finally, Ando et al. [6] proved the strong monotonicity

property for the input and output oriented DEA models based on

the Hölder norms in the context of two inputs and two outputs,

respectively, as well as the strong monotonicity for non-oriented

DEA models in two dimensions (one input – one output). Addi-

tionally, they reviewed the minimum distance inefficiency mea-

sures based on the extended facet approach, and discussed the

problems of unmeasurability and overestimation. All this means

that the least distance measure proposed in Aparicio et al. [12] ,

as defined originally, satisfies neither weak nor strong monotonic-

ity. Nevertheless, according to the above discussion, the technol-

ogy or the measure could be modified in order to try to meet the

property. In particular, in this paper, we opt for the transforma-

tion of the inefficiency measure a la Ando et al. [5] in order to

correct the problem since the modification of the traditional DEA

technology requires to detect the set of all FDEFs, if they exist. Ad-

ditionally, given that Ando et al. [5] did not provide the way of

implementing their approach without an explicit description of the

strongly efficiency frontier, we show for the first time how it can

be carried out using an implicit characterization of this set of the

frontier. Thanks to the correction of the original model of Apari-

cio et al. [12] , we can be sure that the proposed measure in this

paper satisfies at least weak monotonicity in the output-oriented

context. 

Definition 1. Let I : R m + × R s + → R + be an output-oriented ineffi-

ciency index. I satisfies weak monotonicity if I( x, y ) ≤ I( x, ̃  y ) for all

feasible vectors ( x, y ) and ( x, ̃  y ) with y ≥ ˜ y . 

Moreover, implementing in practice the approach based on the

determination of closest targets is not easy from a computational

point of view [20] . This difficulty is consequence of the complexity

of determining the least distance to the frontier of a DEA technol-

ogy (a polyhedral set) from an interior point (inefficient DMU). For

this reason, Aparicio et al. [12] introduce a new methodology to

implement this approach in the context of the DEA-oriented mea-

sures. Their method is based upon Linear Bi-level Programming

(LBP). 

A Bilevel Programming model refers to a mathematical pro-

gramming problem where one of the constraints is an optimiza-

tion problem. This theory has been successfully applied to model

different real situations with a common feature: the existence of

a hierarchical structure (see [85] ). A Bilevel Programming prob-

lem where both the objective functions and the constraints are

linear is called a Bilevel Linear Programming problem. Denote by

z ∈ Z ⊂R p and t ∈ T ⊂R q the decision variables corresponding to the

first and second level, respectively. The general formulation of a
ilevel Linear Programming (BLP) problem is as follows: 

in 

z,t 
c 1 z + d 1 t 

.t. 
A 1 z + B 1 t ≤ b 1 , 
Min 

t 
c 2 z + d 2 t 

s.t. 
A 2 z + B 2 t ≤ b 2 , 

z ≥ 0 , t ≥ 0 

(1)

Program ( 1 ) consists of two subproblems. On the one hand, the

igher level decision problem and, the other hand, the lower level

ecision problem, which appears as a constraint in ( 1 ). Both prob-

ems are connected in a way that the higher problem sets param-

ters influencing the lower level problem and the higher problem,

n turn, is affected by the outcome of the lower level problem. 

It is known that even for the Bilevel Programming problem

here all the functions are linear, like in ( 1 ), the model to be

olved is non-convex and NP-hard. This complexity is the reason

hy many different techniques have been proposed in the liter-

ture to study the computational aspects of Bilevel Programming

roblems. The formulation of optimality conditions for this type of

roblems usually starts with a suitable reformulation of the prob-

em as a one-level model. One possibility is to transform the orig-

nal problem into a single optimization problem by applying the

ell-known Karush–Kuhn–Tucker (KKT) optimality conditions of

he lower level problem [72] . 

Regarding the solutions of a BLP problem, ( z ∗, t ∗) ≥ 0 is a feasi-

le solution of ( 1 ) if t ∗ is an optimal solution of the lower level

rogram with z = z ∗ and, at the same time, A 1 z 
∗ + B 1 t 

∗ ≤ b 1 . In

his way, ( z ∗, t ∗) is an optimal solution if additionally c 1 z 
∗ + d 1 t 

∗ ≤
 1 z + d 1 t for all feasible solution ( z, t ) of ( 1 ), being c 1 z 

∗ + d 1 t 
∗ the

orresponding optimal value of the BLP problem. 

Aparicio et al. [12] proposed the following model for calculating

he Russell output measure based on the least distance philosophy

or the DMU 0 : 

Min 

,λ, s + ,γ

1 

s 

s ∑ 

r=1 

φr (2 . 1) 

.t. ∑ 

j∈ E V RS 

λ j x i j ≤ x i 0 , i = 1 , . . . , m (2 . 2) 

∑ 

j∈ E V RS 

λ j y r j ≥ φr y r0 , r = 1 , . . . , s (2 . 3) 

∑ 

j∈ E V RS 

λ j = 1 , (2 . 4) 

s ∑ 

r=1 

s + r = 0 , (2 . 5) 

Max 
s + ,γ

s ∑ 

r=1 

s + r (2 . 6) 

s.t. 
∑ 

j∈ E V RS 

γ j x i j ≤ x i 0 , i = 1 , ..., m (2 . 7) 

∑ 

j∈ E V RS 

γ j y r j = φr y r0 + s + r , r = 1 , ..., s (2 . 8) 

∑ 

j∈ E V RS 

γ j = 1 , (2 . 9) 

φr ≥ 1 , λ j , s 
+ 
r , γ j ≥ 0 , ∀ r, j (2 . 10) 

, 

(2)

here x j = ( x 1 j , ..., x m j ) ∈ R m ++ denotes the inputs and y j = ( y 1 j , ...,

 s j ) ∈ R s ++ denotes the outputs for a sample of j = 1 , ..., n observa-

ions (DMUs), and E VRS denotes the set of extreme efficient units

n the case of assuming variable returns to scale (VRS). 

In ( 2 ), ( 2.1 )–( 2.4 ) coincide with the constraints of the traditional

ussell output measure of technical efficiency ( [38] , p. 149) except
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4 SOS is a way to specify that a pair of variables cannot take strictly positive val- 

ues at the same time and is a technique related to using special branching strate- 

gies. Traditionally, SOS was used with discrete and integer variables, but modern 

optimizers, like for example CPLEX, use also SOS with continuous variables. 
5 See Simar and Wilson [73,74] for a technical description of the model. 
or the fact that the objective function is minimized instead of

aximized as happens with the original definition of the Russell

easure, while the lower level problem, ( 2.6 )–( 2.9 ) is an output-

riented version of the additive model in DEA [25] for evaluating

he Pareto-efficiency of ( φ1 y 10 , ..., φs y s 0 ). Constraint ( 2.5 ) ensures

hat the optimal ( φ∗
1 

y 10 , ..., φ
∗
s y s 0 ) is not dominated. 

Note that model ( 3 ) is mathematically equivalent to a model

here ( 2.1 ) is changed by 1 + Min { 1 s 

∑ s 
r=1 

t r 
y r0 

} , ( 2.3 ) substituted

y 
∑ 

j∈ E V RS 
λ j y r j ≥ y r0 + t r and ( 2.8 ) by 

∑ 

j∈ E V RS 
γ j y r j = y r0 + t r + s + r ,

ith t r ≥ 0, r = 1 , ..., s . 

Now, with the aim of guaranteeing weak monotonicity when

he above measure is calculated on the strongly efficient frontier,

e need to modify ( 2 ) a la Ando et al. [5] . To do that, we need to

nclude in the constraints a generic point ( y 1 , ..., y s ) ∈ R s + such that

t is dominated by the assessed unit in the sense of Pareto, i.e.,

 r 0 ≥ y r , for all r = 1 , ..., s . The corresponding Bilevel Programming

roblem for evaluating DMU 0 would be then as follows. 

Min 

,λ,y, s + ,γ
1 + 

1 

s 

s ∑ 

r=1 

t r 

y r0 

(3 . 1) 

.t. 
∑ 

j∈ E V RS 

λ j x i j ≤ x i 0 , i = 1 , . . . , m (3 . 2) 

∑ 

j∈ E V RS 

λ j y r j ≥ y r + t r , r = 1 , . . . , s (3 . 3) 

y r ≤ y r0 , r = 1 , . . . , s (3 . 4) 
∑ 

j∈ E V RS 

λ j = 1 , (3 . 5) 

s ∑ 

r=1 

s + r = 0 , (3 . 6) 

Max 
s + ,γ

s ∑ 

r=1 

s + r (3 . 7) 

s.t. 
∑ 

j∈ E V RS 

γ j x i j ≤ x i 0 , i = 1 , . . . , m (3 . 8) 

∑ 

j∈ E V RS 

γ j y r j = y r + t r + s + r , r = 1 , . . . , s (3 . 9) 

∑ 

j∈ E V RS 

γ j = 1 , (3 . 10) 

t r , λ j , y r , s 
+ 
r , γ j ≥ 0 , ∀ r, j (3 . 11) 

, 

(3) 

Regarding the computation of ( 3 ), even for the Bilevel Program-

ing problem where all the functions are linear, as in ( 3 ), the

odel to be solved is non-convex and NP-hard [27] . In this pa-

er, as in Aparicio et al. [12] , we resort to reformulate ( 3 ) as a

ne-level model, substituting the lower level problem by its cor-

esponding Karush–Kuhn–Tucker (KKT) optimality conditions [72] .

ccordingly, ( 3.7 )–( 3.10 ) must be substituted by ( 4.1 )–( 4.9 ). 
∑ 

j∈ E V RS 

γ j x i j + l i = x i 0 , i = 1 , . . . , m (4 . 1) 

∑ 

j∈ E V RS 

γ j y r j = y r + t r + s + r , r = 1 , . . . , s (4 . 2) 

∑ 

j∈ E V RS 

γ j = 1 , (4 . 3) 

m ∑ 

i =1 

ηi x i j + 

s ∑ 

r=1 

μr y r j + ψ + τ j = 0 , j ∈ E V RS (4 . 4) 

ηi + e i = 0 , i = 1 , . . . , m (4 . 5) 

r ≥ 1 , r = 1 , . . . , s (4 . 6) 

j τ j = 0 , j ∈ E V RS (4 . 7) 

 i e i = 0 , i = 1 , . . . , m (4 . 8) 

 i , ηi , μr , τ j , e i ≥ 0 , ∀ i, j (4 . 9) 

(4) 
Constraints ( 4.7 )–( 4.8 ) are not linear. Nevertheless, constraints

f this nature are not difficult to be implemented through Special

rdered Sets (SOS) 4 [17] . 

Finally, as we are interested in exploring potential contextual

r environmental variables that might affect the performance of

he evaluated schools, in a second stage we estimate different To-

it regression models. This approach has been extensively used by

n previous literature to analyze dependent variables subject to a

nown upper or lower bound like our non-radial measures. We are

ware that this conventional regression model has been criticized

y Simar and Wilson [73] , who argue that it might yield biased es-

imations because the efficiency scores estimated in the first stage

re serially correlated. They address this issue by proposing two

lgorithms that incorporate the bootstrap procedure in a truncated

egression model that allow for valid inference while simultane-

usly generating standard errors and confidence intervals for the

fficiency estimates conventional regression methods like Tobit. 5 

The main problem of this approach is that it only considers the

adial term of the efficiency in the second stage, thus we decided

o use Tobit regressions in our empirical analysis. This choice is

upported by two main reasons. First, the consistency of the esti-

ation in a second-stage regression increases as the sample size

nlarges, thus the potential bias disappears in large-size samples

88] . Since in our empirical application we have more than 10,0 0 0

bservations, we consider that our estimates can be consistent.

econd, our dataset contains five different plausible values drawn

rom the estimated distribution of results of each school. Therefore,

e are already working with a certain confidence interval from the

eginning and there would be no need to apply methods based on

esampling like bootstrapping [34] . The estimated results from the

obit regressions are extremely useful to identify what exogenous

ariables have a significant influence on both the average efficiency

easure of performance and the output-specific score as well as

hether the direction of this influence is positive or negative. 

. Data and variables 

This section includes an empirical illustration with real data by

pplying the methodology proposed in the previous section. In par-

icular, we use comparative data about schools operating in the

4 OECD countries participating in the OECD’s PISA ( Programme

or International Student Assessment ) 2012 survey. The survey takes

lace every three years, starting in 20 0 0, thus PISA 2012 represents

he fifth wave of this study. For each assessment, one of reading,

athematics and science is chosen as the major domain and given

reater emphasis. In 2012, the major domain was mathematics (as

ell as in 2003) and two additional competences were also as-

essed for the first time (problem solving and financial literacy). 

This survey uses a two-stage stratified design sampling [83] .

n the first stage of sampling, schools having age-eligible students

re sampled systematically with probabilities proportional to the

chool size. A minimum of 150 schools is selected in each coun-

ry. Subsequently, 35 15 year-old students are randomly selected

rom each school to participate in the survey. Data were collected

etween March and May 2012 for countries in the northern hemi-

phere and May-August 2012 for countries in the southern hemi-

phere. 

One of the main advantages of using PISA data is that this study

oes not evaluate cognitive abilities or skills through using one sin-

le score but each student receives five different scores (plausible
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Table 2 

Dataset composition: number of schools in each country. 

Country Schools Country Schools 

Australia 775 Japan 191 

Austria 191 Korea 156 

Belgium 287 Luxembourg 42 

Canada 885 Mexico 1471 

Chile 221 Netherlands 179 

Czech Republic 297 New Zealand 177 

Denmark 341 Norway 197 

Estonia 206 Poland 184 

Finland 311 Portugal 195 

France 226 Slovak Republic 231 

Germany 230 Slovenia 338 

Greece 188 Spain 902 

Hungary 204 Sweden 209 

Iceland 134 Switzerland 411 

Ireland 183 Turkey 170 

Israel 172 United Kingdom 507 

Italy 1194 USA 162 

TOTAL 11,767 
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7 This is a common practice in several recent papers attempting to measure the 

efficiency of schools (e.g. [3,4,33,70,77] ). 
8 
values) that represent the range of abilities that a student might

reasonably have (see [65] for details). Specifically, the dataset pro-

vides measures on students’ performance based upon pupils’ re-

sponses to different test booklets, each of each of which includes

only a limited number of test questions. Thus, it is difficult to make

claims about individual performance with great accuracy. Using a

complex process based on item response theory model, the survey

organizers produce test scores for participants taking into account

the difficulty of each test question. 6 Plausible values can therefore

be defined as random values drawn from this distribution of profi-

ciency estimates [60,86] . 

In addition, the survey collects a great volume of data about

other factors potentially related to those results, such as variables

representing student’s background, school environment or educa-

tional provision. This information comes from the responses given

to different questionnaires completed by students and school prin-

cipals. From these data, it is possible to extract a great amount

of information referred to the main determining factors of educa-

tional performance. 

Our final dataset comprises a total number of 11,767 schools

distributed across countries as reported in Table 2 . As explained

above, the minimum number of participating schools in each coun-

try must be 150, although in our sample we have the exceptional

case of Luxembourg, where there are only 42 participating schools.

Likewise, in several countries the sample is very large due to the

existence of representative samples for different regions within the

country (e.g. Australia, Canada, Italy, Mexico, Spain). 

The output variables are represented by the average test scores

achieved by students belonging to the same school in the two most

relevant competences: reading and mathematics. Those test scores

are obtained from the five plausible values, which have an inter-

national mean of 500 and standard deviation of 100. Following the

recommendations made by survey organizers [63] , our empirical

analyses have been performed independently on each of these five

plausible values. Due to space restrictions, we only present the es-

timations obtained with that first value, although the results of the

empirical analysis are quite similar to the others. 

The selection of inputs is a tough decision, since in the dataset

there is an extensive list of potential indicators that can be con-

sidered. In this sense, most empirical papers attempting to mea-

sure efficiency of schools usually include some measures of human

and capital resources [35,84] . In our empirical study we use the

inverse of the student–teacher ratio, i.e., the number of teachers
6 See Von Davier and Sinharay [82] for further details. 
er (hundred) students (TEACHERS) and an index representing the

uality of school resources (SCMATEDU) created by PISA analysts

rom the responses given by school principals regarding several

spects (computers, educational software, calculators, books, audio

isual resources or laboratory equipment). Moreover, we also con-

ider the average socio-economic status of students in the school

ESCS) as an additional input, since students are the “raw mate-

ial” to be transformed through the learning process. 7 ESCS stands

or the Economic, Social and Cultural Status, and provides a mea-

ure of family background that includes the highest levels of par-

nts’ occupation, educational resources and cultural possessions at

ome. Since the original values of SCMATEDU and ESCS presented

ositive and negative values, all of them were rescaled to show

ositive values. 8 

Finally, we have also selected some contextual variables in or-

er to explore whether the performance of the evaluated units

ay be affected by the educational environment or the type of

chool management. In the following lines we provide a brief ex-

lanation about each of the variables selected and the expected

irection of its influence according to previous literature. 

- School ownership. Recent literature provides some empirical

studies assessing whether the public or private nature of the

school may affect their level of efficiency. Regarding this issue,

in the literature we can find evidence that supports the idea

of better performance in private schools [33,59] while others

do not find enough evidence to justify this superiority [46,58] .

In our case, we have included this information using a dummy

variable taking a value of one if the school is private and zero

if it is public. 

- School location. This is a common factor usually considered as

a potential factor affecting the efficiency of schools (see [35] ),

since whether a school is located in a main urban area or in

a less densely populated area may affect its scale of opera-

tions and/or its ability to attract teaching staff. In order to take

this into account we have defined a dummy variable that takes

value one if the institution is located in a small town with less

than 15,0 0 0 inhabitants. 

- Percentage of girls. Various studies have demonstrated that

girls usually perform better than boys in reading [62] , while

in mathematics the situation is the opposite [54] . Since we are

interested in exploring whether some schools may concentrate

their effort on one competence, this percentage might be a rel-

evant factor in order to explain those potential behaviors. 

- Percentage of repeaters. Different meta-analyses and literature

reviews about the practice of retaining students have concluded

that it has a negative effect on achievement (e.g. [52,53,87] ).

In our framework, we explore whether schools having a higher

proportion of retained students may be more efficient. 

- Competition with (at least) another school in the same neigh-

borhood. The reference framework is the idea that the presence

of more schools in a certain area should raise the performance

of schools operating in that area as a response to pressures

from nearby competitors [2,61] , thus we expect a positive in-

fluence of this dummy variable on efficiency levels. 

Moreover, we also take into account several variables repre-

enting students´attitudes toward mathematics, the domain about

hich there is more available information, in order to test whether

he orientation of students toward one subject might be relevant in
The rescaling process was made by adding up the minimum value to all the 

original values of the variables. This transformation does not alter the efficient 

frontier (or empirical production function) and hence the associated DEA model is 

translation invariant. 
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Table 3 

Descriptive statistics of variables included in the analysis. 

Variable Type Mean Std. dev. Min Max 

READING Output 480.15 6 8.4 9 98.23 782.37 

MATHS Output 482.00 70.06 158.39 734.68 

ESCS Input 4.27 0.76 0.01 6.09 

SCMATEDU Input 3.59 1.04 0.008 5.576 

TEACHERS Input 9.76 16.01 0.098 1075.27 

School factors 

PRIVATE Contextual 0.169 0.374 0 1 

RURAL Contextual 0.328 0.469 0 1 

PCGIRLS Contextual 0.479 0.179 0 1 

REPEATERS Contextual 0.160 0.230 0 1 

COMPETITION Contextual 0.725 0.447 0 1 

MATHHOMEWORK Contextual 0.391 0.150 0 1 

MATHEXAMS Contextual 0.440 0.142 0 1 

MATHCLASSES Contextual 0.519 0.134 0 1 

ENJOYMATHS Contextual 0.261 0.136 0 1 

READPLEASURE Contextual 0.323 0.072 0.207 0.582 
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Table 4 

Efficiency scores versus average results in maths and read- 

ing. 

Country Maths Reading Efficiency score 

Korea 551 534 1.2032 

Japan 534 535 1.2574 

Turkey 437 461 1.2758 

Poland 527 527 1.2833 

Estonia 518 514 1.3003 

Ireland 498 520 1.3034 

Netherlands 517 505 1.3082 

New Zealand 497 511 1.3106 

Canada 507 509 1.3193 

Germany 507 500 1.3300 

Mexico 410 419 1.3433 

USA 479 496 1.3433 

Czech Rep. 500 496 1.3446 

Spain 491 490 1.3487 

Finland 508 511 1.3491 

Switzerland 514 492 1.3500 

UK 488 496 1.3552 

Australia 492 500 1.3683 

Portugal 479 480 1.3690 

Belgium 508 500 1.3763 

France 489 498 1.3768 

Norway 491 505 1.3911 

Austria 488 475 1.4051 

Denmark 484 482 1.4054 

Luxembourg 490 486 1.4085 

Sweden 483 486 1.4106 

Chile 432 446 1.4118 

Hungary 461 472 1.4167 

Italy 476 476 1.4306 

Slovak Rep. 473 450 1.4336 

Israel 464 484 1.4383 

Iceland 488 478 1.4386 

Greece 440 461 1.4985 

Slovenia 461 438 1.5223 

MEAN 488 489 1.3668 
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o  
rder to explain potential behaviors of schools concentrating their

ffort in that subject or another one. Specifically, we select four

epresentative variables: (i) proportion of students that work hard

n math homework 9 ; (ii) proportion of students that declare to be

repared for maths exams; (iii) proportion of students that usually

ay attention in maths classes 10 ; and (iv) proportion of students

hat declare to enjoy maths. Finally, in order to supplement the ex-

ensive information available about activities related to mathemat-

cs, we have also retrieved some information about reading habits

epresented by the percentage of students reading for enjoyment

t least 30 min a day. 11 Table 3 reports the descriptive statistics

or all these variables (outputs, inputs and contextual factors). 

. Results 

In this section we report the results obtained applying the clos-

st target approach to the entire sample of schools across all coun-

ries. As explained in Section 2 , this methodology allows us to de-

ermine projection points on the frontier for each output without

ssuming that they should be equiproportional. However, initially

e present them in the form of the traditional non-radial Russell

easures, i.e. as the average of the proportional rates of output ex-

ansion, so that they can be easier to interpret and compare with

ther empirical studies using traditional radial measures. Specifi-

ally, in Table 4 we show the average values of those “artificial”

easures summarized by country. It is worth noting that those

cores are presented in the form of Farrell output-oriented effi-

iency measures, thus values equal to one indicate that a unit is

fficient, while values greater to one reflect the percentage of inef-

ciency. 

The mean efficiency score a la Russell of the entire sample is

.367, although the mean values by countries vary substantially,

anging from an inefficiency level of 20% for Korean schools to

2% for Slovenian ones. If we compare those values with aver-

ge test scores in maths and reading for each country, also shown

n Table 4 , we observe that there is not always a straightforward

elationship between results and efficiency. For instance, Turkey

s among the best performers in terms of (aggregate) efficiency
9 A large number of studies have generated conflicting findings about effects of 

omework on educational achievement [29,80] . 
10 These indicators can be interpreted as proxies of student engagement, which 

as been traditionally identified as a key factor associated with better student 

chievement [26] . 
11 Since PISA 2012 does not include specific information about reading activities 

nd attitudes, we have drawn this information from PISA 2009. Given that the par- 

icipating schools were not the same in that year, we have calculated those indica- 

ors aggregated at country level. 

e  
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n  

a  

n  
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a  

p  
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p  
espite their results being relatively poor. Something similar also

ccurs for Mexico, which is placed in a high position in the rank of

ountries according to the efficiency of their schools despite their

chools have the worst results in both competences. In contrast,

ome countries with relatively good results in both reading and

ath are placed in a worst position in terms of efficiency (e.g. Fin-

and or Norway), which indicates that schools operating in those

ountries are not sufficiently exploiting their resources. 

Figs. 2 and 3 illustrate that there is a negative relationship be-

ween efficiency and performance in maths and reading across

ountries. In general terms, countries where the average PISA score

s higher, also tend to show lower levels of inefficiency. Likewise, it

s also worth noting that some countries with similar average ef-

ciency scores have very different levels of performance (see the

ase of Portugal and Finland). 

Even more interesting than this evidence, which can also be

erived using a traditional DEA approach, we would like to ex-

lore the projection (ratio between the target value and the actual

alue) for each output calculated with the proposed model devel-

ped by Aparicio et al. [12] before calculating the average output

xpansions. According to the values shown in Table 5 , there are

ivergences between reading and maths projection values that are

ot visible when only average values are reported. Thus, for ex-

mple, schools operating in Turkey, Chile and Mexico present sig-

ificantly higher values in maths, which indicates that they need

o make a greater effort to improve results in this area, since they

re performing relatively well in reading. Turkish schools in fact

resent the lower averaged projection values among all the OECD

ountries in reading. The opposite occurs in Slovenia, Slovak Re-

ublic or Switzerland, where schools present significantly higher
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Fig. 2. Relationship between efficiency and maths across countries. 

Fig. 3. Relationship between efficiency and reading across countries. 
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12 In our estimation we used data about the five efficiency scores obtained with 

each of the five plausible values of the output variables in order to obtain more 

consistent results. Specifically, we follow the procedure recommended by survey 

organizers, which consists of estimating each regression model five times (once us- 

ing each of the plausible values), thus we have five separate parameter estimates 

and five estimates of the sampling error and, subsequently, we take the average of 
values in their projections for reading than in maths. Actually, this

divergence is above 10 points, so the distance to the frontier for

schools operating in those countries are, on average, 10% further in

the reading competency. 

The possibility of measuring the efficiency of schools using

an international benchmark and considering both radial and non-

radial displacements to measure the distance to the frontier allows

for identifying that some schools might focus more on one dimen-

sion of the educational outcome. In particular, according to shape

of the graph shown in Fig. 4 , in global terms there are higher in-

efficiencies in reading. Indeed, 26 out of the 34 OECD countries

present higher values in this competency and, in most cases, they

are higher than 5%. Therefore, it seems that most part of schools

around the world present higher efficiency levels in math profi-

ciency. Nevertheless, there are some exceptions. In addition to the

countries mentioned above (Turkey, Chile and Mexico), which are

the poorest countries in the sample, some of the richest countries

such as Norway or United States also present higher values of in-

efficiency in maths. 

t

Finally, with the aim of exploring some potential characteris-

ics of countries or schools that might explain why some schools

resent higher levels of inefficiency in maths or reading we have

stimated two different Tobit regression models, one for each

utput. 12 Specifically, Table 6 reports the estimation results from

he regression using math expansion as dependent variable and

able 7 reports the estimates for reading expansion as dependent

ariable. Since both measures are bounded from below at the value

f one, a positive (negative) coefficient suggests a negative (pos-

tive) impact of the corresponding exogenous variable. Moreover,

 coefficient is only statistically significant when both the lower
he five estimates (See [65], p. 44 for details). 
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Table 5 

Projections for each output dimension. 

Country Average efficiency score Maths (M) Reading (R) Difference (R-M) 

Korea 1.2032 1.1702 1.2362 6.6010 

Japan 1.2574 1.2311 1.2838 5.2645 

Turkey 1.2758 1.3206 1.2311 −8.9429 

Poland 1.2833 1.2569 1.3097 5.2763 

Estonia 1.3003 1.2709 1.3297 5.8840 

Ireland 1.3034 1.3049 1.3020 −0.2934 

Netherlands 1.3082 1.2738 1.3426 6.8833 

New Zealand 1.3106 1.3022 1.3190 1.6772 

Canada 1.3193 1.3029 1.3357 3.2730 

Germany 1.3300 1.3004 1.3596 5.9190 

Mexico 1.3433 1.3778 1.3087 −6.9126 

USA 1.3433 1.3517 1.3349 −1.6784 

Czech Rep. 1.3446 1.3144 1.3748 6.0459 

Spain 1.3487 1.3163 1.3810 6.4710 

Finland 1.3491 1.3467 1.3516 0.4875 

Switzerland 1.3500 1.2974 1.4026 10.5229 

UK 1.3552 1.3486 1.3617 1.3109 

Australia 1.3683 1.3534 1.3832 2.9825 

Portugal 1.3690 1.3285 1.4095 8.1024 

Belgium 1.3763 1.3410 1.4115 7.0555 

France 1.3768 1.3505 1.4031 5.2527 

Norway 1.3911 1.4110 1.3712 −3.9798 

Austria 1.4051 1.3777 1.4324 5.4627 

Denmark 1.4054 1.3801 1.4306 5.0557 

Luxembourg 1.4085 1.3814 1.4356 5.4181 

Sweden 1.4106 1.3879 1.4333 4.5357 

Chile 1.4118 1.4545 1.3692 −8.5327 

Hungary 1.4167 1.3981 1.4352 3.7096 

Italy 1.4306 1.3957 1.4655 6.9814 

Slovak Rep. 1.4336 1.3649 1.5024 13.7524 

Israel 1.4383 1.4506 1.4260 −2.4580 

Iceland 1.4386 1.4433 1.4339 −0.9408 

Greece 1.4985 1.4915 1.5055 1.4084 

Slovenia 1.5223 1.4488 1.5957 14.6966 

TOTAL 1.3655 1.3435 1.3780 

Table 6 

Determinants of total inefficiency in maths (Tobit regression). 

Variable Coefficient SE (95% Confidence interval) 

Low High 

PRIVATE −0.0252 ∗∗∗ 0.0040 −0.0421 −0.0261 

RURAL 0.00288 0.0034 0.0037 0.0170 

PCGIRLS −0.0237 ∗∗∗ 0.0083 −0.1091 −0.0762 

REPEATERS 0.282 ∗∗∗ 0.0066 0.3049 0.3312 

COMPETITION −0.0177 ∗∗∗ 0.0037 −0.0281 −0.0135 

MATHHOMEWORK 0.0871 ∗∗∗ 0.0131 0.0145 0.0661 

MATHEXAMS −0.199 ∗∗∗ 0.0135 −0.2277 −0.1742 

MATHCLASSES −0.134 ∗∗∗ 0.0149 −0.2037 −0.1450 

ENJOYMATHS −0.04 4 4 ∗∗∗ 0.0128 −0.0514 −0.0 0 08 

READPLEASURE −0.0378 0.0265 0.0110 0.1156 

∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1 

Table 7 

Determinants of total inefficiency in reading (Tobit regression). 

Variable Coefficient SE (95% Confidence interval) 

Low High 

PRIVATE −0.0431 ∗∗∗ 0.0047 −0.0523 −0.0339 

RURAL 0.0180 ∗∗∗ 0.0039 0.0103 0.0257 

PCGIRLS −0.162 ∗∗∗ 0.0097 −0.1807 −0.1427 

REPEATERS 0.355 ∗∗∗ 0.0077 0.3393 0.3697 

COMPETITION −0.0239 ∗∗∗ 0.0043 −0.0323 −0.0155 

MATHHOMEWORK 0.0053 0.0152 −0.0351 0.0245 

MATHEXAMS −0.204 ∗∗∗ 0.0158 −0.2347 −0.1728 

MATHCLASSES −0.216 ∗∗∗ 0.0173 −0.2495 −0.1816 

ENJOYMATHS −0.0099 0.0149 −0.0392 0.0193 

READPLEASURE 0.1458 ∗∗∗ 0.0308 −0.0393 0.0816 

∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1 

Fig. 4. Average levels of inefficiency per competency (R – M). 
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ign. 

The results shown in Tables 6 and 7 reveal that school fac-

ors are almost identically associated with both dependent vari-

bles, thus it seems that the aforementioned existing divergences

etween reading and mathematics across schools are not related to

he school environment. Thus, in both cases being a private school,

aving a higher proportion of girls and having competition are
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positively associated with efficiency measures, whereas schools

placed in a rural area and, more importantly, having a higher pro-

portion of repeaters are negatively related to efficiency in both

competences. 13 

In contrast, we observe some differences in variables represent-

ing attitudes toward math and reading. For instance, reading for

pleasure is a key factor as a determinant of the reading expansion,

but we find no relationship between this variable and math effi-

ciency. Nevertheless, these results should be interpreted cautiously

because this information was retrieved at a country level due to

the lack of information related to reading activities in the original

dataset. Similarly, we find that math enjoyment affects the expan-

sion in maths, but it is not related to reading efficiency. These re-

sults reveal the existence of a certain substitution effect between

subjects with regard to the preferences of students that might af-

fect their performance and, subsequently, the efficiency demon-

strated by schools with regard to each dimension of the output.

Another divergence arises for working hard on math homework,

which is found to be negatively associated with math efficiency,

but it is not a significant factor for reading. One explanation of the

negative relation is that students with lower levels of proficiency

in reading tend to put more time into homework because of ne-

cessity and pressure from parents and teachers [50] . This result

suggests that assigning more homework to students does not seem

to be the appropriate strategy that school should apply to achieve

higher levels of efficiency neither in mathematics nor in reading. 

Finally, we find that both indicators related to school engage-

ment, i.e. being prepared for math exams and paying attention in

maths classes, are positively and significantly related to both de-

pendent variables. Although the degrees of engagement depends

in a certain extent of intrinsic motivation of students, schools have

the capacity of influencing this type of behaviors, thus promoting

student engagement appears to be a good way to be more efficient.

5. Concluding remarks 

In this paper we have used data from OECD countries partici-

pating in PISA 2012 to assess the efficiency of schools in a cross-

country framework. In our empirical analysis we consider that

schools might concentrate their effort s on improving more the re-

sults in one dimension of the educational output than in other. To

do this, we rely on non-radial efficiency measures of performance,

which are particularly interesting in the context of education, since

they allow for identifying different levels of (in) efficiency for each

output analyzed. In particular, we apply a methodology recently

developed by Aparicio et al. [12] that determines the closest tar-

gets and the least distance to the strongly efficient frontier in DEA

based on Bilevel Linear Programming. 

Although it is true that many alternative non-radial measures

exist in DEA, those based on the determination of the least dis-

tance yield useful benchmarking information. In particular, this

type of measures can be useful from the point of view of prac-

tice, for example to managers in their decision making. It is espe-

cially important for firms/units which seek to achieve superior per-

formance results as soon as possible. Indeed, the distance which

forms the basis of the technical inefficiency measure in this pa-

per generates targets that are easily achievable by units. Among

the set of non-radial DEA measures associated with the determi-

nation of the least distance, we opt for the output-oriented Russell

measure. Nevertheless, we recognize that other measures based on

least distances could be also used in the empirical application. The

evaluation of the impact of the utilization of different measures is
13 The negative relationship of repeaters might explain why countries like Japan 

or Korea, where the practice of retention is almost inexistent (see [68]), are among 

the top performers in terms of both achievement and efficiency. 

 

 

 

utside the scope of this paper, although it could be a good avenue

or further research. 

Our findings indicate that larger potential improvements may

e achieved in reading proficiency than in maths. In global terms

e detect higher levels of efficiency in the reading competency,

hus it seems that schools around the world are concentrating

heir effort s in maths, maybe because math proficiency is gener-

lly considered as one of the strongest predictors of positive out-

omes for young adults, such as their ability to participate in post-

econdary education and their expected future earnings [64] . This

ight entail neglecting reading. Actually, around three quarters of

he studied countries present greater inefficiency values in this

ompetency and, in most cases, this divergence exceeds 5%. Even

o, there are some exceptions, such as schools operating in poor

ountries like Turkey, Chile or Mexico, which perform relatively

etter in reading than in maths. 

We have also examined some potential determinants associ-

ted with each dimension of efficiency by estimating one regres-

ion for each output projection. The results reveal that divergences

etected between the two dimensions of the output are mainly ex-

lained by students´attitudes, while school characteristics do not

ppear to be differential factors. In particular, we identify diver-

ences with regard to the reading habits of students as well as

omework assignments, whereas variable representing student en-

agement has a positive effect on both educational outcomes.

owever, this approach does not allow for a causal interpretation

f results, but it allows a future line of research based on the

earch of the causes of inefficiency to be flagged up. 

These findings provide some interesting insights into the anal-

sis of determinants of educational attainment using a cross-

ountry approach. However, further future research will be needed

o explore some of the results discussed here in greater depth.

or instance, the proposed analysis could be replicated using data

t pupil level in order to test whether the origin of the existing

ivergence in terms of inefficiency between subjects might come

rom intrinsic characteristics of the students that affect their per-

ormance instead of the activities carried out by schools. 
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