
Economic Modelling 74 (2018) 45–60
Contents lists available at ScienceDirect

Economic Modelling

journal homepage: www.journals.elsevier.com/economic-modelling
Efficiency measurement and cross-country differences among schools: A
robust conditional nonparametric analysis☆

Jose M. Cordero a,*, Cristina Polo a, Daniel Santín b, Rosa Simancas a

a Department of Economics, Faculty of Economics and Business, University of Extremadura, Avd. Elvas s/n, 06006 Badajoz, Spain
b Department of Applied Economics VI, Faculty of Economics and Business, Complutense University of Madrid, Campus de Somosaguas, 28223, Pozuelo de Alarc�on,
Madrid, Spain
A R T I C L E I N F O

JEL codes:
I21
H75
C14

Keywords:
Education
Efficiency
Nonparametric
Cross-country comparison
☆ We would like to thank the editor and the two an
* Corresponding author.
E-mail addresses: jmcordero@unex.es (J.M. Cord

1 See Worthington (2001) for an early review of

https://doi.org/10.1016/j.econmod.2018.05.001
Received 6 December 2017; Received in revised fo
Available online 27 June 2018
0264-9993/© 2018 Elsevier B.V. All rights reserved
A B S T R A C T

Analyzing the efficiency of educational systems is one of the main focuses of the policy debate to promote national
competitiveness and future economic growth. In this paper, we assess the performance of secondary schools from
36 countries (26 OECD countries and 10 partners) participating in PISA 2012. For this purpose, we apply a robust
conditional nonparametric approach that allows us to incorporate the effect of contextual factors at both school
and country level in the estimation of efficiency measures. Our results suggest that there is a greater heterogeneity
across countries than across schools. Particularly, we find that differences in efficiency estimates are mainly
explained by economic indicators and cultural values. In contrast, some factors previously identified as potential
determinants of student achievement, like the existence of tracking or central examinations, do not seem to
significantly affect the efficiency of secondary schools.
1. Introduction

Thanks to the participation of an extensive group of countries in in-
ternational large-scale assessments like PISA (Programme for International
Student Assessment) or TIMSS (Trends in International Mathematics and
Science Study), researchers have access to rich and extensive cross-
national databases that they can use to assess education system perfor-
mance internationally (Gustafsson, 2008; Kamens, 2009). Researchers
can use this information to analyze differences in achievement between
and within countries and investigate why and how some schools and
teachers are more effective than others in promoting student learning or
assess the impact of skills on economic and social outcomes (Creemers
and Kyriakides, 2008; Hanushek and Woessmann, 2011). Likewise, in-
ternational comparisons are especially useful for evaluating the effects of
some institutional features of education systems that cannot be estimated
without access to data on different countries (Hanushek andWoessmann,
2014; Strietholt et al., 2014). Conclusions and results from these analyses
provide valuable decision-making guidelines for policy makers to reor-
ient the national education system based on what is currently working in
other countries.

Most cross-country studies analyze educational effectiveness, i.e. they
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estimate an educational production function by means of an equation
linking resource inputs with educational outcomes after controlling for
various contextual characteristics to investigate the main factors influ-
encing educational attainment (see Hanushek, 1979; Todd and Wolpin,
2003). However, resource utilization is also a key matter of concern in
science and technology management (Teddlie and Reynolds, 2000).
Indeed, education system efficiency is now a hot topic among educational
stakeholders because of the size of public spending on education and the
shortage of resources raised from taxation that most countries are now
facing. In particular, policy makers and researchers alike are concerned
with developing guidelines for educational institutions to encourage
improvements in school outcomes given their school factors. As a result,
the literature on school performance assessment is growing, although
most empirical studies address schools from the same country or region.1

This study proposes an international comparison of education pro-
duction efficiency using cross-country data on secondary schools from
different countries participating in PISA 2012. In this sense, it is worth
mentioning that international comparisons are extremely challenging,
since countries might differ significantly with regard to multiple cultural
and institutional features as well as the education system structure. These
differences may pose an obstacle to the comparison of schools operating
mments to improve the quality of this paper.
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in diverse frameworks. Some studies have addressed this problem by
limiting the comparison group to similar countries (e.g. Bogetoft et al.,
2015; Cordero et al., 2017b; Dufrechou, 2016). In this paper, however,
our dataset includes a large sample of thirty-six heterogeneous countries,
thus we have gone one step further and taken into account data about the
diverse educational contexts in which schools are operating when esti-
mating the efficiency measures of school performance. In this way, each
unit can be benchmarked with other units from different countries pro-
vided that their operational environment is similar.

To do this, we adopt the robust conditional nonparametric approach
developed by Daraio and Simar (2005, 2007a, 2007b). These authors
extend the probabilistic formulation of the production process proposed
by Cazals et al. (2002) to account for heterogeneous contextual factors
without imposing the restrictive separability assumption required by
traditional second-stage models in order to provide meaningful results.2

Using this approach, we can also test the significance of the contextual
factors included in the model at both school and country level. Then, by
exploiting the relationship between the conditional and unconditional
measures, we can investigate the direction of their effect (favorable or
unfavorable) on the production process. Furthermore, we can obtain
clean efficiency scores by applying the second-stage approach suggested
by Badin et al. (2012) to eliminate the effects of contextual conditions.

The country-level contextual factors addressed in this study include
variables representing the economic, cultural and social context. This is
an interesting contribution because most comparative studies based on
data from large-scale international assessments overlook these variables
(Th€at and Must, 2013; Zhao et al., 2008). In particular, we retrieve data
from the World Bank's Indicators database about some key economic
indicators and approximate each country's cultural background by col-
lecting data from the respondents of theWorld Values Survey (WVS) with
regard to qualities that children are encouraged to learn at home.3 To the
best of our knowledge, this data source has seldom been used in previous
comparative studies. Some exceptions are represented by Coco and
Lagravinese (2014), who use this information to derive a measure of
cronyism as a potential determinant of educational performance in their
evaluation of OECD countries using PISA data, and Mendez (2015), who
examines the role of the above qualities in explaining country differences
with respect to student performance in PISA. In our case, these variables
are included as contextual factors influencing the performance of schools
from one country compared with schools from other countries.

The remainder of the paper is structured as follows. Section 2 reviews
previous literature on cross-country studies using data from international
large-scale assessments that focus especially on efficiency measures.
Section 3 describes the methodology applied in our empirical analysis.
Section 4 explains the main characteristics of the data and variables
selected for the empirical analysis. Section 5 discusses the main results
compared with the existing literature. Finally, Section 6 outlines some
concluding remarks.

2. Literature review

Since the publication of the pioneering work by Woessmann (2003)
combining international student- and school-level microdata with several
country-level indicators, multiple studies have adopted a cross-country
approach to explore the main determinants of educational achievement
from different perspectives (Ammermüller et al., 2005; Hanushek and
2 Second-stage models rely on the often-unrealistic assumption that contextual
variables only affect the shape of the distribution of inefficiencies, but not the
attainable set or the estimated frontier (see Simar and Wilson, 2007, 2011 for
details).
3 Our definition of culture is based on the idea suggested by Fernandez and

Fogli (2009), i.e. the set of beliefs and preferences that condition individuals'
actions, vary systematically across either socially or geographically defined
groups and are transmitted to successive generations.
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Woessmann, 2011; Le Donn�e, 2014). These studies mainly address the
use of econometric techniques to identify significant causal relationships
between student background, school-related variables and educational
outcomes (typically represented by test scores).4

The above empirical studies usually focus on some specific school
factors, such as the class size (West and Woessmann, 2006; Woessmann
and West, 2006), instructional time (Rivkin and Schiman, 2015) or di-
vergences in performance between public and private schools (Vanden-
berghe and Robin, 2004; West and Woessmann, 2010). Likewise, these
approaches have also been employed in a growing body of literature
analyzing the impact of specific institutional features of education sys-
tems on educational attainment (Braga et al., 2013). These features
include the existence of central examinations, which has been identified
as a factor associated with better student performance in international
tests (Bol et al., 2014;Woessmann, 2003, 2005); the practice of tracking,5

which appears to have a negative impact on average student performance
(Hanushek and Woessmann, 2006) and promote educational inequality
(Bol et al., 2014; Brunello and Checchi, 2007); or the length of pre-
schooling, which has a positive effect on student performance (Schuetz
et al., 2008).

As already mentioned, however, none of the above studies take into
account the possibility of there being an unexpected level of inefficiency
in student, school or country performance (Levin, 1974). Thus, over the
last few years, interest in applying frontier methods to data from
large-scale international assessments to evaluate the efficiency of edu-
cation systems in a cross-country framework has grown notably. This
parallel branch of research is valuable for monitoring efficiency differ-
ences across countries and the determinants that influence education
system performance. Among those works, the most common ones are
those using cross-sectional data aggregated at a country level (Afonso and
St Aubyn, 2006; Agasisti, 2014; Aristovnik and Obadic, 2014; Bogetoft
et al., 2015; Clements, 2002; Coco and Lagravinese, 2014; Giambona
et al., 2011; Gimenez et al., 2007, 2017; Thieme et al., 2012; Verhoeven
et al., 2007). Nevertheless, we can also find studies comparing the per-
formance of education systems in different countries using school level
data. For instance, Sutherland et al. (2009) study the performance of
schools from 30 OECD countries participating in PISA 2003; Agasisti and
Zoido (2015) derive efficiency measures for more than 8600 schools in
30 countries using PISA 2012 data comparing efficiency scores and
measures of equity; Aparicio et al. (2018b) assess schools operating in the
34 OECD countries participating in PISA 2012 and identify different
levels of inefficiency for reading and mathematics. Finally, De Jorge and
Santín (2010) and Deutsch et al. (2013) use student-level PISA data to
estimate the efficiency of European Union and Latin American countries,
respectively.

Most of the above studies use nonparametric techniques like DEA or
FDH to estimate performance efficiency measures since they are flexible
enough to adapt to the characteristics of public services provision,6

especially to their multi-input multi-output nature. Moreover, in some
cases, a two-stage procedure is also applied to examine the potential
influence of contextual variables on efficiency estimates (e.g. Afonso and
St Aubyn, 2006; Agasisti, 2014; Agasisti and Zoido, 2015; Aparicio et al.,
2018b; De Jorge and Santín, 2010; Verhoeven et al., 2007). The main
problemwith this procedure is that it assumes that environmental factors
affect the shape of the distribution of inefficiencies (i.e. mean, variance,
etc.) but not the attainable set or the estimated frontier. This is often
4 See Cordero et al. (2017a) for a detailed review of this literature.
5 This is a form of stratification where students are placed in different schools

or classes based on observed past or expected future achievement. This process
differs widely across countries in terms of the age at which the selection takes
place, as well as in the degree of differentiation between different tracks
(generally distinguishing between academic or vocational education).
6 Nevertheless, some several studies (e.g. Deutsch et al., 2013; Sutherland

et al., 2009) use parametric methods.
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unrealistic, since some school-related factors, as well as the social, eco-
nomic and institutional characteristics of each country, can be expected
to be influencing both educational outcomes and the resources
employed. Although the separability between the input–output space and
the space of external variables can be tested in advance using the sta-
tistical tools developed by Daraio et al. (2010, 2015, 2018), none of the
above empirical studies examined whether this assumption holds before
applying this method.

Whenever the two-stage procedure is found to be inappropriate, the
alternative option is to use conditional measures of efficiency (Daraio
and Simar, 2005; 2007a; 2007b). Using these measures the contextual
factors can be included directly in the estimation of efficiency scores
without testing for this restrictive separability condition. To the best of
our knowledge, Cordero et al. (2017b) were the first researchers to apply
this methodology to measure efficiency in the educational context. They
analyzed the effect of several environmental school factors and country
indicators on the performance of primary schools from 16 European
countries participating in the Progress in International Reading Literacy
Study (PIRLS) in 2011.

In this study, we assess the performance of secondary schools using
PISA 2012. Using PISA, we can explore the influence of a wider range of
contextual factors, including some specific institutional features that only
can be examined at the secondary education level, such as the influence
of tracking7 or central examinations.8 In addition, our sample includes a
much larger number of countries (36), which implies more heterogeneity
across education systems.

3. Methodology

The production technology that schools use to transform a set of in-
puts ðx 2 <p

þÞ into outputs ðy 2 <q
þÞ can be characterized by the attain-

able set of feasible combinations of inputs and outputs as

Ψ ¼ �ðx; yÞ 2 <pþq
þ jx can produce y� (1)

Besides, additional contextual or environmental factors Z 2 <k
þ that

potentially affect school performance. Following the probabilistic
formulation introduced by Cazals et al. (2002) and Daraio and Simar
(2005, 2007b), the production process can be described by the joint
probability function HXYjZ that represents the probability of a unit oper-
ating at level (x, y) and facing the same environmental conditions (Z¼ z)
being dominated:

HXYjZðx; yjzÞ ¼ PrðX � x;Y � yjZ ¼ zÞ ¼ SY ðyjx; zÞFXðxjzÞ (2)

where SY ðyjx; zÞ represents the survival function of Y and FXðxjzÞ the
cumulative distribution function of X. Unless we consider the existing
heterogeneity among schools, we would be implicitly assuming that all
the schools are operating within the most favorable environment. This is
unlikely in many cases. As proposed by Haelermans and De Witte (2012)
or DeWitte and Kortelainen (2013), we explore the potential influence of
some external school-level variables. However, we also account for po-
tential specific country-level features that can affect the school perfor-
mance. This conditional methodology assumes that both school- and
country-level factors can have a bearing on the shape of the best prac-
tice frontier, i.e. the separability condition does not hold for this model
(Badin et al., 2014).

The conditional output measure λðx; yjzÞ can be analogously defined
as the Farrell efficiency score:
7 None of the countries apply this strategy to children aged under 10 years
(see Brunello and Checchi, 2007, for details).
8 Not many countries use curriculum-based external examinations in primary

education (see Woessmann et al., 2009, for details).
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λðx; yjzÞ ¼ sup λ > 0�HXYjZðx; λyjzÞ > 0 ¼ sup λ > 0�SY jX;Zðλyjx; z > 0

� � � � � �

(3)

We can use a plug-in rule providing conditional estimators of the full
frontier, such as the free disposal hull (FDH) or data envelopment anal-
ysis (DEA), to define the nonparametric estimators of the conditional
frontier λðx; yjzÞ .9 These estimators have been extensively applied in
many empirical papers10, although they are very sensitive to outlying
observations or extreme data points because they both fully envelop all
sample observations. Partial frontiers can be used to avoid this problem.
Partial frontiers are regarded as robust versions of the previous ones
(Daouia and Gijbels, 2011). Specifically, in this paper we use order-m
frontiers developed by Cazals et al. (2002) for estimating the conditional
λðx; yjzÞ and the unconditional λðx; yÞ efficiency estimators. The use of
this approach implies considering the expectation of the best practice
among m peers randomly drawn from the population of units for which
X � x as a benchmark. We repeat this procedure B times and compute the

final order-m efficiency measure as the simple mean ðbλmiÞ of the resulting
measures ðbλ1mi; :::;

bλBmiÞ. The unconditional λðx; yÞ and conditional order-m
output efficiency estimators (Daraio and Simar, 2007a) can be defined as
follows

bλmðx; yÞ ¼
Z ∞

0

�
1� �

1� SY jXðuyjX � xÞ�mdu (4)

bλmðx; yjzÞ ¼
Z ∞

0

�
1� �

1� SY jX;ZðuyjX � x;Z ¼ zÞ��mdu (5)

where the ρ-dimensional random variables xi, …,xm are drawn randomly
and repeatedly from the conditional distribution of X given yi� y. For
acceptable values of m, the efficiency score values will be greater than
one. This indicates that schools are inefficient, as outputs can be
increased without changing input levels. Therefore, an evaluated school
may not belong to the set of schools used to output its score. In this case,
it will be located above the production frontier, resulting in a score of less

than one (bλ < 1). This school can be labelled as superefficient, since the
order-m frontier has higher output levels than the school under analysis
(Daraio and Simar, 2007a). The proportion of superefficient observations
varies depending on the choice of m, since the probability of a unit not
belonging to the frontier is conditioned by the size of the drawn sample
relative to the total sample size. The main advantage of partial frontier
estimates and related efficiency scores is that they are less influenced by
extreme values and hence are more robust to outliers. Additionally, they
are unaffected by the well-known curse of dimensionality which is a
feature of most nonparametric estimators, including the DEA and FDH.

The computation of conditional efficiency estimators requires
adopting smoothing techniques for the exogenous variables in z (due to
the equality constraint Z¼ z):

bSY jX;Z;nðyjx; zÞ ¼
Pn
i¼1

Iðxi � x; yi � yÞKbhððz� ziÞ=hÞ
Pn
i¼1

Iðxi � xÞKbhððz� ziÞ=hÞ
(6)

This approach relies on the estimation of a nonparametric kernel
function Kð⋅Þ to select the appropriate reference partners and a band-
width parameter h using some bandwidth choice method. In this case, we
adopt the data-driven selection method developed by Badin et al. (2010).
This approach relies on the least squares cross-validation (LSCV) pro-
cedure developed by Hall et al. (2004) and Li and Racine (2007). The
advantage of this approach is that it detects and smoothes out irrelevant
factors by providing large bandwidth parameters. Note that, since our
9 See Daraio and Simar (2007a) for details.
10 See Emrouznejad and Yang (2018) for a recent literature review.



13 We use nonparametric local constant models and bandwidths determined by
the usual LSCV (Pagan and Ullah, 1999).
14 This dataset includes data from six different waves of the WVS: 1981-84,
1990-94, 1995-98, 1999–2004, 2005–2009 and 2010–2014 (http://www.
worldvaluessurvey.org/WVSDocumentationWVL.jsp).
15
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dataset includes some discrete variables, we could use discrete kernels,
although the most preferred option is to use the standard continuous
kernels proposed by Racine and Li (2004) and Li and Racine (2007) to
smooth all components of Z (see Badin and Daraio, 2011 for details).11

Following Badin et al. (2012), we can also investigate the impact of Z
on the reachable frontier independently of the efficiency values by
analyzing the ratios of conditional to unconditional order-m estimators:

bQm ¼
bλmðx; yjzÞbλmðx; yÞ (7)

As explained in Badin et al. (2012), we can explore the effects of
conditional variables on the boundary (shift of the frontier in the output
direction) by setting a large value of m. This provides a robust estimator
of the full frontier. In contrast, for small values of m, we examine the
behavior of the shift towards the center of the distribution of efficiencies.
For instance, if m¼ 1, the order-m frontier is simply an average pro-
duction function and the ratios analyze the shift of the mean distribution
of inefficiencies.12

This ratio can be nonparametrically regressed on a variable of interest
in Z. Graphically, the slopes of the smoothed regression lines provide an
interpretation of both marginal effects. In an output-oriented conditional
model, a regression line with a positive slope indicates that the variable
in Z has a positive effect on efficiency, whereas a downward-sloping line
denotes a negative effect. Moreover, we can also investigate the statis-
tical significance of Z explaining the variations of the ratio by applying
the nonparametric bootstrap procedure described in Racine (1997) and
Li and Racine (2007) to explain the variations of the ratio. This procedure
can be understood as the nonparametric equivalent of standard t-tests in
ordinary least squares regression (De Witte and Kortelainen, 2013). As
pointed out by Daraio and Simar (2014), this procedure may be hard to
apply because the dependent variable (ratio of efficiency estimators) is
not actually observed and has to be replaced by estimates. As a result, this
approach is not generally consistent when using full frontier estimates
like FDH or DEA because of the well-known curse of dimensionality (Kneip
et al., 2015). Fortunately, this is not a serious limitation when using
partial frontiers of order-m as in our case, since their rates of convergence
do not depend on the number of inputs and outputs.

Finally, note that just analyzing the ranking of conditional efficiency
measures might be misleading, since schools actually are operating fac-
ing different contextual conditions, thus the maximum output defined by
the production frontier could be achieved easier under some specific
conditions with respect to others. In order to obtain a pure managerial
efficiency measure we have applied the second-stage approach suggested
by Badin et al. (2012), i.e. we regress conditional efficiency measures on
the relevant explanatory variables μðZÞ ¼ EðλðX;Y jZÞjZ ¼ zÞ and σ2ðZÞ ¼
VðλðX;Y jZÞjZ ¼ zÞ using the following flexible location-scale regression
model:

λðX; Y jZ ¼ zÞ ¼ μðzÞ þ σðzÞε (8)

where EðεjZ ¼ zÞ ¼ 0 and VðεjZ ¼ zÞ ¼ 1. In Eq. (8) μ(z) indicates the
average effect of z on the conditional efficiency and σ(z) provides addi-
tional information on the dispersion of the efficiency distribution as a
function of the contextual variables. The estimated residuals yielded by
this procedure (ε) can be viewed as the part of the efficiency score
remaining after eliminating its dependence on the contextual variables,
that is, as a cleansed version of the conditional efficiency referred to as
pure managerial efficiency (Badin et al., 2012). These values are
11 This approach has been applied in other studies using robust conditional
indicators (e.g. Cordero et al., 2015; Tzeremes, 2015; Verschelde and Rogge,
2012).
12 Mastromarco and Simar (2017) use similar values of the parameter m to
investigate the influence on the shape of the frontier and the distribution of
efficiencies.
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standardized (mean zero and variance one) and can be used to make
comparisons among schools facing different operating conditions. A large
value of ε will denote poor results, whereas a small (or even negative)
value indicates that the school's managerial performance is good. In our
empirical analysis, this model will be estimated nonparametrically.13

4. Data and variables

In order to estimate an educational worldwide production frontier, we
use data about schools operating in different countries participating in
PISA 2012. This dataset provides international comparative data about 15-
year-old students' competences in three main areas: reading, mathematics
and science. In addition to those achievement measures, the database
contains a vast amount of information about students' background and the
characteristics of the schools that they attend. This information is sourced
from student and school principal questionnaire responses. In addition, as
we also wanted to account for the economic and social characteristics of
the countries in which schools are operating, as well as some key insti-
tutional features, we gathered data from several additional sources. Spe-
cifically, we collected data about economic indicators from the World
Bank Open Data section, whereas social indicators regarding countries’
cultural values were retrieved from the longitudinal aggregate data of the
WVS covering the period from 1981 to 2014.14

Although there were 65 participating countries (all 34 OECD mem-
bers and 31 partners) in PISA 2012, we were unable to include all these
countries in our empirical study because, for many, information about
institutional features or cultural values (some countries did not partici-
pate in WVS) were missing. As a result, our dataset comprises schools
from 36 countries (26 OECD countries and 10 partners) representing
more than 70% of the world economy. The total number of schools is
12,264 distributed across countries as reported in Table 1.

In line with previous literature (e.g. Cherchye et al., 2010; De Witte
and Kortelainen, 2013), we used the results achieved by students in the
three competences evaluated in PISA (mathematics, reading and science)
aggregated at school level as output indicators. Rather than a single
measure of achievement, the PISA dataset provides five plausible values
for each discipline (estimated by considering a plausible distribution
according to the test results).15 For the sake of simplicity, we consider
only one plausible value (the first one) for each subject (PVMATH,
PVREAD and PVSCI) in our analysis because these values provide both
unbiased point and sampling variance estimates.16

The selection of the variables to be included as inputs is a major
challenge in empirical studies using data from international large-scale
assessments since the list of potential indicators is usually very long. In
this respect, most empirical studies designed to measure school efficiency
usually include some measures of human and capital resources (e.g.
Agasisti and Zoido, 2015; Aparicio et al., 2018a; Crespo-Cebada et al.,
2014; Santín and Sicilia, 2015). In this case, we decided to use the inverse
of the student-teacher ratio, i.e. the number of teachers per (a hundred)
students (TEACHERS) as a proxy for human resources, since education is
labor intensive, and the index of the quality of school resources
See Wu (2005) for a detailed discussion about the role of plausible values in
large-scale surveys.
16 The use of one plausible value or five plausible values does not really make a
substantial difference in large samples (see OECD, 2009, p. 44 for details).

http://www.worldvaluessurvey.org/WVSDocumentationWVL.jsp
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Table 1
Dataset composition: number of schools by country.

Country Observations Country Observations

Australia 775 Netherlands 179
Canada 883 New Zealand 176
Chile 220 Norway 197
Colombia 352 Poland 184
Czech Republic 295 Romania 178
Estonia 206 Russian Federation 226
Finland 311 Singapore 172
France 226 Slovak Republic 231
Germany 230 Slovenia 330
United Kingdom 507 Spain 902
Hong Kong 148 Sweden 209
Indonesia 209 Switzerland 411
Israel 172 Thailand 239
Italy 1192 Tunisia 153
Japan 191 Turkey 169
Korea 156 Uruguay 180
Lithuania 215 United States 161

Latvia 210 TOTAL 12,264
Mexico 1469
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(SCMATEDU) as a proxy for capital resources.17 We also included an
additional variable representing the average socioeconomic status
(ESCS)18 of students attending a school as a proxy of the quality of the
school's students.19

We have divided the variables representing the school operating
environment into three main groups. The first one includes a mixed set of
six indicators derived from school principal responses with respect to
different school resources and factors representing the school environ-
ment previously identified in the literature as relevant determinants of
student performance: an index available in the PISA database repre-
senting the ratio of computers for education to the number of students in
the grade corresponding to 15-year-old students (COMPUTERS), an
index of disciplinary climate in the classroom20 (DISCLIM), the propor-
tion of fully certified teachers with respect to the total number of teachers
(PROPCERT), the number of students enrolled at the school (SCHSIZE),
an index of the relative level of responsibility of school staff in allocating
17 This index was created by PISA analysts from the responses given by school
principals regarding several educational resources such as computers, educa-
tional software, calculators, books, audiovisual resources or laboratory equip-
ment. Since the original values included some negative values, they were
rescaled to assure that all values are positive.
18 This index provides a measure of family background, including the highest
levels of parents' occupation, educational resources and cultural possessions at
home. The original values of this variable have also been rescaled to assure that
all values are positive.
19 Although socioeconomic status unquestionably plays a role in explaining
student and school educational results (Haveman and Wolfe, 1995), some
studies (e.g. Agasisti, 2014; Aparicio et al., 2017; Thieme et al., 2013) consider
this variable as an input, whereas other authors suggest that it be included as a
nondiscretionary input (see Liberati et al., 2017; Ruggiero and Vitaliano, 1999).
In this paper, we have included this variable as a traditional input. Accordingly,
schools are evaluated according to their ability to make the most of their inputs
(see Camanho et al., 2009 for details).
20 This index is based on the responses provided to five items: (i) Students don't
listen to what the teacher says; (ii) There is noise and disorder; (iii) The teacher
has to wait a long time for students to quiet down; (iv) Students cannot work
well, and (v) Students don't start working for a long time after the lesson begins.
The four response categories were “every lesson”, “most lessons”, “some les-
sons”, to “never or hardly ever” (OECD, 2014, p. 331).
21 This index was derived from six items: the school principals' report
regarding who had considerable responsibility for tasks related to resource
allocation (selecting teachers for hire, firing teachers, establishing teachers'
starting salaries, determining teachers' salary increases, formulating the school
budget and deciding on budget allocations within the school) (OECD, 2014, p.
310).
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resources21 (RESPRES), and a dummy variable representing whether the
school has other competing schools in the same area (COMPETITION).

The second group includes five continuous country-level indicators of
economic and cultural aspects. The economic variables are gross do-
mestic product (GDP) per capita and public expenditure per student on
secondary education as a percentage of GDP per capita for each country
in the year 2012 (EXPEDUC). We can use GDP per capita to investigate
whether efficiency varies with income level, whereas public expenditure
per student should identify countries attaching more importance to ed-
ucation. With regard to each country's cultural values, our source of in-
formation is, as mentioned above, the WVS. In particular, we use
information taken from responses to a set of questions about which
qualities are most valued when raising a child. Respondents are given a
list of ten qualities that children can be encouraged to learn at home and
then asked to select the five qualities that they think are most important.
Among them, we selected the responses for three aspects such as hard
work (HARDWORK), responsibility (RESP) and perseverance (PERSEV).
These three dimensions are directly related to the concept of “consci-
entiousness”, since this is the only personality traits dimension that is
positively correlated with educational outcomes according to the litera-
ture (see Borghans and Schils, 2011; Heckman, 2011 for details).

Finally, the third group of variables includes four indicators repre-
senting relevant institutional features that do or do not exist in the
country. These variables are used to test whether or not their influence on
efficiency is consistent with previous existing evidence about their effect
on academic outcomes. Specifically, we considered whether the country
implements early tracking (TRACKING) (OECD, 2010, 2011) and central
examinations (EXAMS) (Bol et al., 2014; Eurydice, 2004; Woessmann
et al., 2009). In addition, we also include other average country-level
indicators like the length of pre-primary education (PREPRIM) or the
proportion of private schools (PRIVATE) provided by the UNESCO
Institute for Statistics. Table 2 shows the main descriptive statistics of all
the above variables classified in different categories.

5. Results

In this section, we report the efficiency scores estimated using the
robust order-mmodel with an output orientation. We opted for an output
orientation because schools strive to maximize student achievement and
cannot easily reduce their inputs at least in the short term. First, we es-
timate the unconditional estimator defined in equation (4). In line with
Daraio and Simar (2005), we determine the size of the partial frontier as
the value of m for which the decrease in the number of super-efficient
observations stabilizes. In our application, this corresponds to
m¼ 150.22 As a result, each school is compared to 150 schools randomly
drawn from observations in the whole dataset that consume at most the
same amount of inputs. For statistical inference, we use 200 bootstrap
replications. Table 3 reports the ranking of countries according to the
average estimated efficiency scores of their schools together with the
corresponding standard deviation (in brackets), thus identifying the de-
gree of variability within each country.

The last row in Table 3 shows that the average overall efficiency value
for all the schools included in the sample is 1.2787. This indicates that if
all schools were to perform as efficiently as the top performers, the test
scores could increase on average by almost 28%, although variability
across countries is high. Note also that around 1% of schools have an
efficiency score below one. These super-efficient schools perform better
than the 150 schools against which they are benchmarked. With regard
to the average scores of units operating in different education systems,
we observe that mainly Asian countries (Hong Kong, Korea, Thailand,
Singapore and Japan) occupy the top positions, whereas the worst per-
formers are mostly Eastern European countries (Slovenia, Lithuania and
22 We also tested two alternative values of m (m¼ 100 and m¼ 200) and the
findings were similar.



Table 2
Descriptive statistics of variables included in the analysis.

Variable Type Mean SD Min Max

PVMATH Output 473.74 72.79 130.06 753.08
PVREAD Output 475.57 72.05 155.09 716.68
PVSCI Output 481.64 71.83 92.41 728.87
TEACHERS Input 8.75 6.28 0.10 93.11
SCMATEDU Input 3.53 1.09 0.01 5.58
ESCS Input 4.27 0.83 0.16 6.24
School factors
COMPUTERS Continuous 0.73 0.94 0.00 30.00
DISCLIM Continuous 2.49 0.48 0.01 4.34
PROPCERT Continuous 0.80 0.33 0.00 1.00
SCHSIZE Continuous 715.94 587.54 45.00 7600
RESPRES Continuous 0.74 0.98 0.01 3.52
COMPETITION Dummy 0.74 0.44 0.00 1.00
Country features
GDP pc Continuous 31,264 13,049 4876 65,640
EXPEDUC Continuous 22.58 6.52 9.60 37.41
HARDWORK Continuous 0.44 0.21 0.09 0.89
RESP Continuous 0.75 0.10 0.26 0.91
PERSEV Continuous 0.40 0.10 0.06 0.61
TRACKING Dummy 0.34 0.47 0.00 1.00
EXAMS Dummy 0.69 0.46 0.00 1.00
PREPRIM Ordered discrete 2.68 0.79 1.00 4.00
PRIVATE Continuous 0.19 0.20 0.00 0.97

Table 3
Ranking of countries according to their average efficiency scores (unconditional
model) and their results for mathematics (standard deviation in brackets).

Country Efficiency (unconditional model) Results for mathematics

Hong Kong 1.0920 (0.106) 558.94 (65.66)
Turkey 1.1145 (0.085) 438.12 (75.33)
Thailand 1.1616 (0.083) 441.04 (68.72)
Korea 1.1657 (0.104) 550.84 (63.54)
Singapore 1.1758 (0.092) 568.22 (64.09)
Mexico 1.1821 (0.089) 410.11 (48.48)
Colombia 1.2088 (0.079) 381.08 (48.55)
Japan 1.2123 (0.103) 533.82 (70.84)
Poland 1.2310 (0.076) 526.54 (57.47)
Estonia 1.2423 (0.064) 518.06 (40.15)
New Zealand 1.2615 (0.083) 496.18 (53.77)
Netherlands 1.2716 (0.129) 517.31 (76.10)
Indonesia 1.2744 (0.094) 373.72 (49.41)
Canada 1.2775 (0.076) 507.21 (45.78)
Chile 1.2802 (0.087) 431.76 (68.34)
Russian Federation 1.2805 (0.084) 476.18 (49.23)
United States 1.2833 (0.080) 480.44 (47.74)
Spain 1.2877 (0.067) 490.95 (46.17)
Germany 1.2885 (0.105) 506.51 (75.07)
Czech Republic 1.2886 (0.103) 501.20 (77.57)
Finland 1.2900 (0.074) 508.38 (47.79)
Latvia 1.2975 (0.065) 486.24 (46.43)
Switzerland 1.3065 (0.084) 514.04 (55.50)
United Kingdom 1.3099 (0.079) 487.98 (50.17)
Tunisia 1.3151 (0.111) 384.20 (55.74)
France 1.3184 (0.071) 487.49 (76.28)
Australia 1.3215 (0.082) 492.21 (59.30)
Slovak Republic 1.3264 (0.102) 473.04 (68.30)
Norway 1.3307 (0.067) 490.78 (41.08)
Italy 1.3417 (0.102) 476.15 (72.02)
Israel 1.3421 (0.112) 463.89 (70.78)
Sweden 1.3465 (0.077) 483.07 (48.46)
Romania 1.3562 (0.088) 443.42 (58.95)
Lithuania 1.3606 (0.073) 468.74 (54.46)
Uruguay 1.3906 (0.090) 402.88 (61.46)
Slovenia 1.4329 (0.105) 463.87 (73.38)

TOTAL 1.2787 (0.159) 473.74 (72.79)

Standard deviation in brackets.

Table 4
Descriptive statistics for the whole sample with alternative models.

Unconditional
model

Conditional
model 1

Conditional
model 2

Mean 1.2787 1.1243 1.0683
SD 0.1589 0.1318 0.1047
Min 0.9836 0.7201 0.7274
1stQ 1.1412 1.0326 1.0000
Median 1.2325 1.1019 1.0496
3rdQ 1.3297 1.1837 1.1201
Max 2.6984 2.3361 2.0868
Efficient units 94 (0.77%) 355 (2.89%) 527 (4.30%)
Super-efficient
units

111 (0.91%) 1543 (12.58%) 2825 (23.03%)
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Romania). If we compare the ranking of countries according to the un-
conditional efficiency levels with their ranking according to their average
results in mathematics, we find considerable disparities23. For instance,
Turkey, Thailand, Mexico and Colombia are ranked among the top per-
formers in terms of efficiency levels, even though their students achieve
results that are well below average. Thus, the position of some countries
in the ranking improves substantially when we account for the educa-
tional process inputs in the efficiency analysis.

The main problemwith this initial assessment is that it is based on the
unrealistic assumption that all the evaluated schools are operating in the
same context. Therefore, the estimated scores may not properly represent
the school's level of efficiency. In other words, the attainable set is not
dependent on Z. However, this assumption is unlikely to hold since the
perceived frontier might be different depending on each school's oper-
ating environment. Therefore, the next step in our empirical analysis is to
take into account the existing heterogeneity among schools in our esti-
mation. To do this, we estimated two alternative conditional efficiency
measures according to Eq. (5). Model 1 accounts for the set of variables
related to the school-level environment. Subsequently, we estimated a
second conditional model (Model 2) with an additional set of country-
level variables, including economic indicators, indices representing cul-
tural values, and institutional characteristics.

Table 4 summarizes the main descriptive statistics (mean, median,
standard deviation, maximum, quartile values and the number of effi-
cient and super-efficient units) of estimates for both models compared to
the values of the unconditional model. As expected, when the analysis
includes information about contextual factors, the overall mean in-
efficiency for both models (1.1243 for Model 1 and 1.0683 for Model 2)
decreases and the number of efficient and super-efficient units increases.
In fact, all schools increase their efficiency under a conditional model.
This makes sense since the analysis accounting for additional variables
has a smaller reference group, as it only includes schools with similar
characteristics. Moreover, the shape of the estimated distributions illus-
trated in Fig. 1 shows a high concentration of units at the higher effi-
ciency levels for Model 2, whereas this concentration is not as
pronounced for Model 1.

Nevertheless, the most interesting conclusions can be drawn by
exploring the divergences in efficiency levels across countries. Table 5
reports the rankings of countries according to the average estimated
scores of their schools with each model. One key finding is that there are
no significant changes to classification with respect to the unconditional
model when school contextual factors are incorporated in Model 1,
although the within-country variability is greater in most cases. In fact
the value of the Spearman correlation coefficient between those models
shown in Table 6 is quite high (0.725). The only notable changes are that
countries like Poland, Finland or Switzerland move up and the United
States, Colombia or Indonesia move down in the ranking.
23 We use test scores for mathematics in the comparison because this was the
main competence assessed in PISA 2012. In any case, they are highly correlated
with the other competences (science and reading).



Fig. 1. Probability density of total efficiency scores with alternative models.
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In contrast, the picture for Model 2 accounting for country features is
quite different, since the Spearman correlation coefficient with the un-
conditional case now has a much lower value (0.508). A case in point is
Uruguay, which moves up from the bottom position in the ranking ac-
cording to Model 1 to second place according to Model 2. A similar result
applies to other countries, such as Romania or Tunisia, which also
improve when country-level factors are taken into account. In contrast,
the consideration of country-level factors has a negative effect in terms of
the ranking on other countries, like Mexico, Japan, Spain, the United
States or the Czech Republic. Likewise, Hong Kong is ejected from the top
position in the ranking and is now ranked in seventh place. The impor-
tance of those changes leads us to presume that the heterogeneity among
different countries is more relevant than the heterogeneity among
schools within the same country.

In order to examine the influence of the above external factors on
efficiency estimates, we regress the ratio between the conditional and the
unconditional efficiency scores on Z. As there are two different models
(Model 1 and Model 2), we estimated a nonparametric regression for
each model. Table 7 shows the p-values of the significance tests proposed
by Li and Racine (2007) and Racine and Li (2004) after performing 1000
bootstrap samples. For Model 1, only two contextual school variables
appear to have a significant effect on explaining the level of inefficiency,
although their significance level is low (10%). This finding confirms our
suspicion with regard to the little relevance of these variables as potential
factors affecting the efficiency of schools. Actually, this result is
confirmed by the lack of significance for most school variables in the
estimation conducted for Model 2, in which we also account for het-
erogeneity across countries. However, we find that all the economic and
cultural factors, as well as almost all the variables representing specific
country features, have a significant influence on efficiency levels.
Therefore, we can conclude that country factors appear to play a more
significant role in explaining differences in school performance because
there is more heterogeneity across countries than among schools within
the same country.

The importance of economic indicators in explaining differences in
efficiency performance across countries is consistent with some previous
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results in the literature (Afonso and St Aubyn, 2006; Cordero et al.,
2017b). Likewise, cultural or personality factors have also been consid-
ered as key determinants of educational performance in some recent
cross-country studies (e.g. Conti et al., 2011; M�endez, 2015). Addition-
ally, we found that cultural factors linked to personality traits (consci-
entiousness) are also significant variables affecting efficiency estimates.
Based on this result, more attention should be paid to non-cognitive skills
in order to boost efficiency in education. With regard to specific
country-level educational features, the only factor that seems to have a
significant influence on efficiency is the proportion of private schools in
the country, whereas the length of pre-primary education and the exis-
tence of tracking and central examinations do not appear to affect school
performance in terms of efficiency, even though, as explained in Section
2, they have been identified as important determinants of academic
achievement in previous literature.

As described in Section 3, we investigate how the ratios bQm shown in
Eq. (7) can provide information about the potential effects of contextual
factors on shifts in the frontier and the distribution of inefficiencies.
Fig. 2 shows the marginal effect of contextual factors with a significant
effect. The left-hand side of Fig. 2 shows the effect on shifts in the frontier
based on full frontier ratios (with a large value of m, in this case
m¼ 12,264), while the right-hand side illustrates the effect inside the
attainable sets, i.e. based on partial ratios with m¼ 1.

Starting with school variables, we observe different effects according
to the plotted marginal views. On the one hand, we find that disciplinary
climate in the classroom (Fig. 2a) has a definite favorable effect on the
frontier, which is not so clear in the center of the distribution of the ef-
ficiencies (Fig. 2b). Likewise, the effect is rather blurred in both cases for
the PROPCERT variable (Fig. 2c and d), since there are many variable
values concentrated on the right-hand side of the graphs given the high
proportion of fully certified teachers existing in most countries.

Regarding the two economic indicators (GDPpc and expenditure on
secondary education), we find that both variables have slight negative
effects on the frontier (Fig. 2e and g), whereas only GDPpc has a clear and
negative effect on the distribution of efficiencies (Fig. 2f). For the vari-
ables representing cultural values associated with conscientiousness, we



Table 5
Average efficiency scores for each country with alternative models.

Unconditional model Conditional model 1 Conditional model 2

Country Avg.
score

Country Avg.
score

Country Avg.
score

Hong Kong 1.0920
(0.106)

Hong Kong 1.0403
(0.111)

New
Zealand

1.0117
(0.098)

Turkey 1.1145
(0.085)

Poland 1.0542
(0.091)

Uruguay 1.0122
(0.063)

Thailand 1.1616
(0.082)

Turkey 1.0599
(0.103)

Chile 1.0125
(0.098)

Korea 1.1657
(0.104)

Mexico 1.0692
(0.118)

Romania 1.0142
(0.105)

Singapore 1.1758
(0.092)

Korea 1.0719
(0.121)

Poland 1.0181
(0.067)

Mexico 1.1821
(0.089)

Estonia 1.0853
(0.074)

Colombia 1.0209
(0.094)

Colombia 1.2088
(0.079)

Finland 1.0884
(0.102)

Hong Kong 1.0219
(0.084)

Japan 1.2123
(0.103)

New
Zealand

1.1003
(0.105)

Tunisia 1.0221
(0.106)

Poland 1.2310
(0.076)

Switzerland 1.1011
(0.109)

Indonesia 1.0260
(0.106)

Estonia 1.2423
(0.064)

Germany 1.1015
(0.141)

Canada 1.0280
(0.073)

New
Zealand

1.2615
(0.083)

Czech Rep. 1.1070
(0.136)

Netherlands 1.0311
(0.160)

Netherlands 1.2716
(0.129)

Latvia 1.1070
(0.111)

Turkey 1.0315
(0.087)

Indonesia 1.2744
(0.094)

Canada 1.1073
(0.103)

Switzerland 1.0347
(0.090)

Canada 1.2775
(0.076)

Norway 1.1098
(0.103)

Thailand 1.0394
(0.083)

Chile 1.2802
(0.087)

Singapore 1.1099
(0.103)

Germany 1.0429
(0.102)

Russian
Fed.

1.2805
(0.084)

Chile 1.1111
(0.116)

Singapore 1.0471
(0.068)

United
States

1.2833
(0.080)

Thailand 1.1128
(0.104)

UK 1.0491
(0.082)

Spain 1.2877
(0.067)

Japan 1.1136
(0.122)

Australia 1.0511
(0.105)

Germany 1.2885
(0.105)

Slovak Rep. 1.1184
(0.150)

Korea 1.0517
(0.083)

Czech Rep. 1.2886
(0.103)

Netherlands 1.1200
(0.172)

Finland 1.0639
(0.066)

Finland 1.2900
(0.074)

Sweden 1.1212
(0.112)

Mexico 1.0705
(0.076)

Latvia 1.2975
(0.064)

France 1.1252
(0.179)

Norway 1.0707
(0.079)

Switzerland 1.3065
(0.083)

Colombia 1.1301
(0.106)

Estonia 1.0720
(0.045)

UK 1.3099
(0.079)

Spain 1.1301
(0.089)

Slovak Rep. 1.0743
(0.109)

Tunisia 1.3151
(0.112)

Russian
Fed.

1.1305
(0.104)

Latvia 1.0770
(0.073)

France 1.3184
(0.071)

Italy 1.1563
(0.154)

Czech Rep. 1.0789
(0.088)

Australia 1.3215
(0.082)

Australia 1.1650
(0.126)

Sweden 1.0835
(0.085)

Slovak Rep. 1.3264
(0.102)

Slovenia 1.1673
(0.162)

Slovenia 1.0897
(0.131)

Norway 1.3307
(0.067)

Indonesia 1.1677
(0.142)

Russian
Fed.

1.0921
(0.067)

Italy 1.3417
(0.102)

Tunisia 1.1736
(0.180)

France 1.0929
(0.108)

Israel 1.3421
(0.112)

United
States

1.1756
(0.143)

Japan 1.1027
(0.088)

Sweden 1.3465
(0.077)

Israel 1.1837
(0.182)

Spain 1.1190
(0.058)

Romania 1.3562
(0.088)

UK 1.1888
(0.107)

Italy 1.1283
(0.106)

Lithuania 1.3606
(0.073)

Romania 1.1898
(0.125)

Israel 1.1284
(0.143)

Uruguay 1.3906
(0.090)

Lithuania 1.1930
(0.082)

United
States

1.1428
(0.129)

Slovenia Uruguay Lithuania

Table 5 (continued )

Unconditional model Conditional model 1 Conditional model 2

Country Avg.
score

Country Avg.
score

Country Avg.
score

1.4329
(0.106)

1.2186
(0.109)

1.1524
(0.076)

TOTAL 1.2787
(0.159)

TOTAL 1.1243
(0.132)

TOTAL 1.0683
(0.105)

Table 6
Spearman correlation coefficients.

Unconditional Model Conditional
Model 1

Conditional
Model 2

Unconditional Model 1.000
Conditional Model 1 0.725 1.000
Conditional Model 2 0.508 0.688 1.000

Table 7
Influence of different factors on educational performance (Estimation of
nonparametric significance tests).

School variables Model 1 Model 2

p-value p-value

COMPUTERS 0.99 0.65
DISCLIM 0.05b 0.00a

PROPCERT 0.06b 0.06b

SCHSIZE 0.99 0.30
RESPRES 0.99 0.49
COMPETITION 0.99 0.58

Country variables p-value

GDP pc 0.00a

EXPEDUC 0.00a

HARDWORK 0.00a

RESP 0.00a

PERSEV 0.00a

TRACKING 0.42
EXAMS 0.68
PREPRIM 0.52
PRIVATE 0.00a

a Denotes statistical significance at 1%.
b Denotes statistical significance at 10%.
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observe very different behaviors. Thus, HARDWORK has a positive effect
on the efficient frontier concentrated around higher values, but its effect
on the distribution of efficiencies is unclear (Fig. 2i and j). The plots
representing the effect of responsibility (RESP) and perseverance (PER-
SEV) are quite similar, since they have a negative effect on the frontier
(Fig. 2k andm), especially for lower values, but an indefinite effect on the
distribution of efficiencies (Fig. 2l and n). Finally, we observe that the
proportion of private schools (PRIVATE) has a small negative effect on
the frontier (Fig. 2o), whereas there is no clear pattern for the distribu-
tion of efficiencies (Fig. 2p).

Finally, with the aim of providing some additional insights into the
effects of exogenous variables on conditional efficiency scores, we also
present the results of the second-stage analysis using the flexible local
constant estimator described in Eq. (8). Specifically, the estimated loca-
tion (bμ) and scale (bσ) effects of the proposed regression are reported in
Fig. 3, where the left-hand panels show the estimated location and the
right-hand panels represent the scale. As a whole, the school variable
(DISCLIM) appears to have a positive effect on location (Fig. 3a), while it
is homogeneously distributed with regard to the scale, whereas PROP-
CERT presents a high concentration on higher values, but its effect is not
clear, confirming that its influence on efficiency levels is relatively
limited. The distribution for the two economic indicators has an inverted



Fig. 2. Scatterplots of ratios vs. Zs.
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Fig. 2. (continued).
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Fig. 2. (continued).
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u-shape (Fig. 3e,–h). Therefore, the effect might be favorable for lower,
and unfavorable for higher values. However, the effect might not always
be negative as the previous analysis suggested. The effect for HARD-
WORK (3i, 3j) appears to be slightly positive, while RESP (Fig. 3k and l)
and PERSEV (Fig. 3m and n) have an inverted u-shape. Finally, the effect
appears to be unfavorable for the PRIVATE variable (Fig. 3o and p),
which confirms the result reported above.

Fig. 4 shows the empirical distribution of the residuals (bεi), i.e. pure
managerial efficiency. The histogram represents a truncated normal dis-
tribution that is more highly concentrated below zero (where observa-
tions are more efficient than the average in the output orientation). Pure
managerial efficiency can be regarded as an indicator that provides better
results for ranking units according to their efficiency levels, since it is
totally clean of the effects of contextual factors. Consequently, we can
build another ranking of countries according to the average pure efficiency
of their schools, representing scores “cleansed” of the heterogeneous
conditions in their operating context (Table 8). In this hypothetical sit-
uation where efficiency is now fully comparable across schools and
countries, we identify Korea, the Czech Republic, Germany, the Slovak
Republic and the United States as the best performers, i.e. having the
lowest (or even negative) mean values for the residuals, whereas France,
Uruguay, Romania, Lithuania and Latvia have the highest residual values
55
and are, therefore, the least efficient.

6. Concluding remarks

The analysis of the efficiency of educational systems and their schools
is one of the most interesting topics in the policy and academic debate for
two reasons. On one hand, the academic results obtained by high schools
as measured in standardized tests is a common way of measuring quality
across different schools and countries. The main conclusion of this
literature shows that a greater overall quality in the educational system
of a country has a strong and stable association with greater economic
growth rates (Hanushek and Kimko, 2000). On the other hand, in the last
decades most countries have made a huge financial effort in public ed-
ucation although there is no straight positive correlation between higher
per capita public expenditures on education and higher academic out-
comes (Hanushek, 2003). For these reasons benchmarking schools and
analyzing their efficiency worldwide is one the most promising tools to
learn from best managerial practices. Moreover, this analysis may help
policy makers to discarding educational policies that do not work and
reallocating this public expenditure in more promising alternatives.

In this paper, we applied some of the most recent nonparametric
methods to assess the performance of secondary schools operating in 36



Fig. 3. Scatterplots of “location” (μ) and “scale” (σ) effects vs. exogenous variables.
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different countries (26 OECD countries and 10 partners) using data from
PISA 2012. Specifically, we employed the robust conditional model
developed by Daraio and Simar (2005, 2007a, 2007b), which accounts
for the existing heterogeneity among schools, as well as for potential
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specific country-level features that can affect school performance. The
main advantage of this approach, which has been little used in previous
educational literature, is that our estimated frontier incorporates the
effect of contextual variables at school and country level. Therefore, we



Fig. 3. (continued).
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can explore the influence of contextual factors without assuming the
usual separability condition implicit in most previous studies using the
well-known second-stage approach.
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Our results reveal several interesting issues. First, the ranking of
countries according to school performance, represented by students’
PISA test scores, changes substantially when the efficiency analysis takes



Fig. 3. (continued).

Fig. 4. Histogram of second-stage errors (pure efficiency).
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into account the educational process inputs. In particular, some countries
with poor results in terms of student proficiency (e.g. Turkey, Thailand,
Mexico or Colombia) are ranked among the top performers according to
their efficiency levels. Second, our findings suggest that cross-country
heterogeneity is more relevant than among schools, since the country
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ranking is hardly affected by the consideration of school contextual
factors, whereas economic and cultural country variables have a greater
impact on results. Third, we should highlight that, although not much
studied in the efficiency literature as yet, non-cognitive cultural values
have a significant impact as contextual factors affecting school



Table 8
Ranking of countries according to pure efficiency.

Pure efficiency

Country Avg. score Country Avg. score

Korea �0.0568 Chile 0.0143
Czech Rep. �0.0494 Sweden 0.0154
Germany �0.0473 Tunisia 0.0158
Slovak Rep. �0.0393 Thailand 0.0208
United States �0.0374 United Kingdom 0.0216
Estonia �0.0300 Indonesia 0.0223
New Zealand �0.0250 Singapore 0.0273
Colombia �0.0178 Spain 0.0273
Poland �0.0162 Italy 0.0298
Norway �0.0130 Japan 0.0317
Russian Fed. �0.0085 Hong Kong 0.0322
Canada �0.0073 Netherlands 0.0477
Slovenia 0.0016 Turkey 0.0652
Switzerland 0.0039 Latvia 0.0657
Israel 0.0045 Lithuania 0.0744
Mexico 0.0055 Romania 0.0811
Australia 0.0132 Uruguay 0.0945
Finland 0.0137 France 0.1522

TOTAL 0.0148
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performance and explaining differences in efficiency estimates across
countries. Nevertheless, some factors that have been previously identi-
fied as potential determinants of student achievement, like the use of
tracking or central examinations, do not appear to affect the performance
of secondary schools in terms of efficiency.

These findings provide some interesting insights for the analysis of
school efficiency using a cross-country approach. However, more
research will be needed in future to further explore the results discussed
here. In particular, note that the results of the approach used in this paper
cannot be interpreted causally, since it would entail neglecting the po-
tential presence of unobserved heterogeneity in school performance. For
instance, we totally ignored the potential accumulative impact of inputs,
since our results are based on cross-sectional data. In this respect, more
research combining quasi-experimental methodologies with efficiency
measurement techniques is still needed within this framework (see
Santín and Sicilia, 2017, 2018) to exploit exogenous educational policies
variations. Likewise, the proposed analysis could be replicated using
student-level data. Actually, these data have been used in some studies to
assess the performance of students in a specific country (e.g. Perelman
and Santín, 2011; De Witte and Kortelainen, 2013). Note, however, that
kernel bandwidth estimation is computationally intensive. Therefore, it
can take a significant amount of time to complete all the estimations
given the huge number of individual observations available in large-scale
international databases. Finally, another potential future development of
this line of research is to consider non-radial measures of performance in
order to explore the possibility of students (or schools) focusing their
efforts on some rather than other educational outcomes as suggested by
Aparicio et al. (2018b).
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