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Abstract

The main objective of this paper is to propose a tool for measuring the productiv-
ity and performance gaps across a set of Decision Making Units for monitoring
their evolution and analyzing their components over time. To do this, we use the
approach proposed by Aparicio and Santin (Eur J Oper Res 267(1):227-235, 2018)
which is grounded on a base-group base-period productivity index and Data Envel-
opment Analysis. Additionally, we propose a new index for measuring the perfor-
mance gap between two or more groups of production units and its decomposition
in effectiveness gap and outcome possibility set gap. As an empirical illustration of
the approach, we focus our attention on the educational sector. In particular, we ana-
lyze six Latin American countries over time. For this purpose, we rely on OECD-
PISA data aggregated at school level. Over the period 2006-2018, performance and
productivity followed very different paths in each country showing that the correla-
tion between school performance and productivity is very low. Therefore, we sug-
gest that the simultaneous analysis of performance and productivity gaps together
with their evolution over time is a must in order to benchmark countries and monitor
improvements and weaknesses in education systems.
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1 Introduction

The academic results of students measured using standardized tests scores at dif-
ferent educational levels are commonly used to measure and compare the qual-
ity of education systems and the future potential of human capital with respect
to economic growth across countries. The main reason is that the number of
quality-adjusted years of schooling calculated for a country has been shown to be
strongly and positively correlated with greater economic growth rates (Hanushek
and Kimko 2000; Hanushek and Woessmann 2008, 2011a, b). This link between
educational achievement and growth is especially important across Latin Ameri-
can countries whose low-test scores have led to the lower economic growth of this
area than in other world regions (Hanushek and Woessmann 2012). For example,
as Kaarsen (2014) shows using TIMSS (Trends in Math and Science Study) data,
one year of schooling in the United States is equivalent to more than one-and-a-
half years of schooling in Chile or more than 2 years of schooling in Colombia.

In the light of this evidence, the evaluation of public educational policies and
the monitoring of school performance are increasingly important for benchmark-
ing the evolution of different education systems in one and the same regional
context. For this purpose, this paper focuses on the measurement of two rele-
vant economic dimensions—performance and productivity. In order to develop
our approach, we will focus on the educational context, where both dimensions
are central. With this objective, we define performance as a measure that cap-
tures the outcomes achieved in education (average student test scores in different
subjects), regardless of the resources used to achieve these results. Additionally,
two schools might be identical in terms of performance if they achieved exactly
the same outcomes, whereas they may differ in terms of productivity if a differ-
ent amount of resources were used to produce the same outcomes. Consequently,
school productivity may correlate poorly or even negatively with school perfor-
mance, as illustrated by Cherchye et al. (2019) for the case of secondary schools
in the Netherlands.

Given that the educational production function includes many resources and
outcomes, the measurement of performance and productivity is a problem of
aggregating indicators into a single composite variable. Weighting can be done
using different criteria. Principal component analysis or multi-criteria decision
analysis, for example, are two approaches that could be used for this purpose
(OECD 2005). In our case, we use production frontiers estimated by data envel-
opment analysis (DEA) to measure and compare performance and productivity
gaps and their evolution over time. DEA can be used to build both dimensions
calculating technical efficiency and effectiveness as distances to a production
frontier. DEA has been widely applied in education (see De Witte and Loépez-
Torres 2017, for a review) to measure technical efficiency (Farrell 1957) because
it does not impose a parametric functional form on the production function. Addi-
tionally, it is capable, with just a few assumptions, monotonicity and convexity,
of handling multiple outputs and inputs. Therefore, each production unit has a
free choice of weights to maximize its efficiency with respect to other units.

@ Springer



Comparing the evolution of productivity and performance gaps...

The application of DEA to define an effectiveness index through the aggregation
of different outcomes was labeled as the benefit of the doubt (BoD) approach and
was originally proposed by Melyn and Moesen (1991). The characterization pro-
vided by the BoD approach accounts for both the free choice of outcome weights
and the fact that resources are not taken into account at all (in practice, a single con-
stant equal to one resource is introduced in the analysis for all the observed units).
The measurement of efficiency is directly related to the measurement of effective-
ness. Keeping the same outcomes as for the measurement of effectiveness on the
output side, efficiency also accounts for a set of resources on the input side using the
DEA technique. In our case, the input selection reflects the educational production
process, and the technical efficiency estimation generated by DEA reflects the maxi-
mum performance that can be achieved using the set of available resources, includ-
ing school inputs and family background.!

As mentioned above, education plays an important role in a global competi-
tive economy, and it is necessary to evaluate the performance and productivity of
a country and of a country compared with other countries, as well as monitoring
gaps over time. Note, at this point, that results could be misleading if the focus is on
just one dimension. For example, a country could be highly efficient compared with
other countries. However, efficiency will be useless if the education system does not
provide citizens with the minimum knowledge and skills needed to lead a decent
life, that is, is not effective. In the same vein, a country could achieve an admissible
performance level in terms of educational outcomes at the cost of higher spending
levels than other countries with similar results. Therefore, educational performance
could very well be driven not only by the inefficient use of allocated resources but
also by resource constraints. In this case, there is room for an educational policy
designed to achieve both objectives at the same time.

Performance and productivity gaps can be measured and compared across coun-
tries thanks to international databases like the OECD Program for International Stu-
dent Assessment (PISA). Every 3 years, PISA provides a representative sample of
15-year-old students and their schools in the participating countries. PISA outcomes,
measured through test scores in mathematics, reading and sciences are meaningful
in the sense that their values can be interpreted as key skills levels, providing infor-
mation about the percentage of students that acquire basic skills (OECD 2013). At
the same time, PISA provides students and school background variables gathered
through the same questionnaires across countries related to the resources available
to produce education.

Consequently, PISA has made it possible to compare mainly technical efficiency
through cross-country analysis using different approaches as reported by Afonso
and St. Aubyn (2006), De Jorge and Santin (2010), Thieme et al. (2012), Aris-
tovnik (2012), Deutsch et al. (2013), Aristovnik and Obadi¢ (2014) or Cordero et al.

! Outcomes used to measure effectiveness are all average test scores. To measure efficiency, we take into
account the same outcomes defined in the same way in order to ensure comparability, and resources are
defined per capita (per student) or as a ratio. Throughout this paper efficiency and effectiveness measures
are the bricks for calculating performance and productivity gaps.

@ Springer



J. Aparicio et al.

(2018). However, there are very few empirical studies analyzing how performance
and productivity gaps evolve over time for a set of repeated countries. There are
two explanations for this point. Firstly, national education authorities fail to provide
administrative panel databases at student and/or school level. Where national educa-
tion databases are available, they are not comparable with other countries. Secondly,
participant schools, and obviously students, differ from one PISA wave to another as
a result of the random selection of participants in international studies. This limits
the implementation of the standard Malmquist index, which is based on panel data.

In an effort to solve this problem, Aparicio et al. (2017) and Aparicio and Santin
(2018) recently adapted the well-known Camanho and Dyson (2006) group perfor-
mance index to analyze and explain productivity gaps through their decomposition
into technology and efficiency gaps across different groups of production units over
time. Their approach is grounded on a base-group base-period index that overcomes
circularity problems.

The aim of this paper is to propose a new index for measuring performance gaps
between two or more sets of production units over time together with its decomposi-
tion in effectiveness gap and outcome possibility set gap. As an empirical illustration
of the approach, we demonstrate that it is worthwhile to analyze both dimensions,
performance and productivity gaps, in the educational context as an early warning
for potential gaps in future economic growth and as a way of benchmarking educa-
tional policies that work in a similar region. Moreover, we address the relationship
between performance and productivity gap changes to understand how both dimen-
sions evolve over time. To illustrate this approach, we use the PISA 2006, 2012 and
2018 waves for six Latin American countries—Argentina, Brazil, Chile, Colombia,
Mexico and Uruguay—, using data from Portugal in 2006 as a reachable reference
technology.

Our main results show that for the 20062018 period, Chile was the Latin Amer-
ican benchmark country in terms of performance change, whereas Colombia and
Argentina (Uruguay) were the two countries that gained (lost) in both dimensions,
performance and productivity. Brazil (Mexico) had a positive performance (produc-
tivity) change at the cost of productivity (performance).

The paper is organized as follows. Section 2 introduces the concept of distance
function and its measurement using DEA. It also introduces the methodology for
measuring group productivity gaps over time and the new results for measuring the
performance gap between two or more groups of production units together with its
decomposition. Section 3 briefly describes PISA data, especially the outputs and
inputs included in the analysis. Section 4 reports the estimation and discussion of
results. Finally, Sect. 5 provides the conclusions of this research, and some implica-
tions for educational policy makers and future research lines.

2 Methodology
In this section, we briefly introduce the notation and methods that we apply later in

order to get the results associated with the comparison of the six Latin American
countries regarding their PISA results.
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First of all, let us introduce some notation to be used in the explanations linked to the
methodology. Let us assume that we have observed n*’ decision-making units (DMUs)
in group A in period s, s = 1, ¢+ 1, which produce output y*' € R from input x*" € R
and that we have also observed #%° DMUs in group B in period s, s = t,¢ + 1, which
produce output y¥' € R? from input x# € R€.> The DMUs operating in group A in
period s are represented by their input—output vector as (xA" yA") j=1,...,n" Inthe
same way, (xB y ") denotes the 1nput—output vector of DMU j.j=1,...,n"%, belong-
ing to group B in period s. DA’ (xB , y ") = inf{6 : (xB , th / 0)eT” } represents the
Shephard output distance funct10n from observation (xB , y ") in group B in period A,
h =t, t+ 1, to the frontier of the technology of group A in perlod s,s=1,t+1,TY. A
similar notation is used for the distance of a DMU in A with respect to the technology
of group B and for the distance for a DMU that belongs to the same group as the refer-
ence technology.

For contemporaneous periods of time, i.e. when h = s, the reciprocal of the
Shephard output distance function, DA’ (xfx,yfx)‘l, may be interpreted as technical
efficiency in an output-oriented framework. Specifically, this value indicates how
much ij must be increased, keeping constant xj‘?x, in order to project point (xfx, yfx)
onto the frontier of the technology, T%', in this particular case. Generally, even for
mixed periods, the Shephard output distance function measures the distance from
the assessed point to the frontier of the reference technology.

There are different methods for estimating 74" and T%', s =, ¢+ 1 in the litera-
ture. Some are parametric and require the production frontier to be characterized
through a mathematical expression and a set of parameters that must be econo-
metrically estimated from the data. Nevertheless, there are alternative data-driven
approaches that do not require this specification and, accordingly, are considered
non-parametric. We refer, in particular, to data envelopment analysis (DEA), origi-
nally proposed by Charnes et al. (1978). DEA consists of determining the smallest
polyhedral set that envelops the observations and satisfies some properties, like, for
example, free disposability. We use this technique in order to estimate the educa-
tional production function in our context since DEA is one of the most used meth-
odologies for measuring efficiency in education (De Witte and Lopez-Torres 2017).

In DEA, the Shephard output distance function DAS(th,ygh), ssh=t1t+1, is
estimated, assuming constant returns to scale (CRS), as the reciprocal of the optimal
value for ¢ of the following linear programming model:

2 Note that here we use the terms “outputs” and “inputs” to refer to “outcomes” and “resources”, respec-
tively. The idea is to respect the traditional presentation in the efficiency literature and the generality of
the methodology. As already mentioned in the empirical analysis, outcomes and resources are measured
as per capita values and ratios.
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= (n

K

. _ A
/1]-20, j=1..,n

A value for D* (x? e ") that is equal to one indicates that point (xg ,yoh) is
located on the frontier of the technology 74'. A value of less than one denotes that
(x8",y8") is enveloped by the frontier, and, finally, a value that is greater than one
specifies that the assessed point is outside the reference technology. Moreover, as
already mentioned, the Shephard output distance function and its reciprocal, the
optimal value of model (1), is directly related to the notion of technical efficiency
when the evaluated observation and the reference technology belongs to the same
period of time.?

This paper is concerned with the notion of efficiency but also with the concept of
effectiveness when DMUs (schools in our empirical application) provide the popula-
tion with services, namely education. The distinction between efficiency and effec-
tiveness may be clarified as follows. Effectiveness can be defined as the ability to
achieve goals, regardless of the amount of resources that might be needed for this
purpose (Cherchye et al. 2019), whereas efficiency relates realized outputs to uti-
lized inputs (see Prieto and Zofio 2001).4

Very different terminologies, like, for example, the benefit of the doubt (BoD)
approach (see Melyn and Moesen 1991, and, more recently, the method proposed
by Cherchye et al. 2004), have been used to implement the notion of effectiveness in
DEA. Generally speaking, the idea behind the measurement of effectiveness using
DEA techniques consists of applying a model like (1), albeit omitting the observed
inputs and using instead a single input equal to one for all the units (see also Lovell
and Pastor 1999, who define this idea as a ‘pure output model’).

Under these premises, it is possible to define the Shephard output distance func-
tion to measure effectiveness in DEA through the reciprocal of the optimal value of
the linear program (2).

3 Test scores in Latin America are below the average of OECD countries. For this reason, we con-
sider that an output orientation is more appealing for policy makers interested in maximizing students’
achievements subject to their budget constraints.

4 For Mbuvi et al. (2012), effectiveness versus efficiency can be also loosely stated as “doing the right
things” versus “doing things right”.
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max ¢
Y-, ¢
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s.t. Z v < 1,
J=1
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;/]-20, j=1,...,n

The Shephard output distance function DA (1, ygh) and its reciprocal, in this case
the optimal value of model (2) ¢,, is the measure of effectiveness.

Additionally, it is of interest in some situations, such as the one described in
our empirical study, to extend the analysis in order to comparing the productivity
and the performance of several natural groups of DMUs.> To make these compari-
sons, Camanho and Dyson (2006) introduced a Malmquist-type index (hereinafter
referred to as CDMI) to provide an average indicator of the relative productivity gap
of two groups of DMUs within a period of time.

2.1 Camanho-Dyson Malmquist index approach

The CDMI by Camanho and Dyson (2006) is an adaptation of the Malmquist pro-
ductivity index to provide a cross-sectional comparison of the productivity of two
groups of DMUs operating under different conditions and that, therefore, can corre-
spond to different technologies. Given two groups of units for comparison, the adap-
tation of the Malmquist productivity index basically consists of using the units of
one group as observations of period ¢ and treating the DMUs of the other group as
observations corresponding to period ¢+ /. The CDMI for comparing the productiv-
ity of two groups of DMUs, A and B, associated with different programs, ownership
types or education systems in one time period s is defined as follows:

1/2

(ot (ot )™ (mg o ()|

(2 v (& B ) D (L))

l

7

CDMI?® =

where (JT l”: 1 DA‘Y(xfs,yfs))l/ " is the average distance of DMUs in group B rela-
tive to group A technology. The CDMI is straightforward to interpret, where a value
higher (lower) than one indicates better (worse) average productivity in group A

5 In education, it is meaningful to compare the productivity and the performance of groups of schools
in different environments, as well as different regions inside the same country, different countries with
similar economic features (as in this study) or with different regulatory conditions, according to school
ownership (public vs. private), religion (catholic vs. non-catholic) or location (urban vs. rural), for exam-
ple. Recently, Amado et al. (2018) compare the gender pay gap using a similar approach.
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than in group B. The relative productivity gap measured in (3) can be decomposed
into the following terms:

“)
where EG?B compares within-group efficiency spreads, measuring the technical
efficiency gap between both groups, while the ratio TGAB evaluates the technology
gap between the frontiers of the two analyzed groups, A and B. EGAB and TGAB
interpreted like the CDMI. When EGAB > 1, average technical efﬁmency in group
A is higher than in group B (and vice versa when EGAB < 1), which means that
the DMUs in group A are on average closer to their productlon frontier than their
counterparts in group B. When TG?B > 1, the production technology in group A
dominates the frontier in group B, and more outputs can be produced with the same
quantities of inputs (and vice versa when TGAB < 1.

As Camanho and Dyson (2006) clalmed the main advantage of this approach
is probably that it does not assume convex combinations of units belonging to dif-
ferent groups under different circumstances to be feasible. This means that there
is no mixing of technologies, as opposed to other alternatives that are based upon
pooling all DMUs together to form a common merged synthetic frontier or meta-
frontier. Thanks to this interesting feature, it has been possible to successfully use
the CDMI in empirical applications to provide comparisons of groups of DMUs
in cross-sectional studies (see, for example, Vaz and Camanho 2012, Ferreira and
Marques 2015, Thanassoulis et al. 2015 and Amado et al. 2019).

The CDMI was recently extended by Aparicio et al. (2017) and Aparicio and
Santin (2018) for use in the context where panel or pseudo-panel data are avail-
able, and the target is to determine how the measured productivity gap initially
measured by the CDMI changes over time. A panel implies that the same group
of DMUs is observed across all analyzed periods. However, PISA is based on
the selection of random waves of representative samples of students and schools
at regional or country level in order to analyze their test scores over time. The
schools contained in each wave vary from one period to another and are usually
anonymous for researchers. Aparicio et al. (2017) refer to this information struc-
ture as a pseudo-panel database. In this case, the approach introduced in Aparicio
et al. (2017) and Aparicio and Santin (2018) can be used to compare the change
in the productivity gap of these representative groups of DMUSs over time using a
pseudo-panel Malmquist-type index (PPMI).

In this paper, we use the approach proposed by Aparicio and Santin (2018) rather
than by Aparicio et al. (2017) to compare countries over time because it solves two
open questions that arose in Aparicio et al. (2017). The first one is related to the cir-
cularity property, a problem also faced by Camanho and Dyson (2006), when com-
paring more than two groups of units, while the second one is the possibility of
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interpreting the PPMI in terms of the ratio of aggregated productivity changes in the
two evaluated groups between periods ¢ and ¢ + 1.

2.2 Aparicio-Santin Malmquist index approach

Let us now introduce the groundwork of the approach proposed by Aparicio and
Santin (2018), which is based on the standard Shephard output distance function
to deal with the comparison of two of more groups of DMUs under the notion of
efficiency.®

In an attempt to improve the properties of the original CDMI, Aparicio and
Santin (2018) introduced a new base-group CDMI. Let us assume that, apart from
the relevant groups A and B that we want to compare, we have observed a set of
DMUs of a so-called reference group R. Then, the base-group CDMI for compar-
ing the productivity of groups A and B in a single time period s with respect to R in
period A, CDMI?B (RM), is defined as follows:

= <17/’2i D¥' <)C.?S’)’?S>>l/nm
(HlnBl DR" (x? ’y? >)1/n3x

Note that all Shephard output distance functions in (5) are determined taking 7%’
as the reference technology. Additionally, it is straightforward to prove that, assum-
ing the simplest case i.e. only one input and only one output,

,B‘& s
CDMI*P(R") = ( H " xA‘ )1/ L0 "x )1/7" In other words, the base-group CDMI

)

CDMI*® (R"

compares the average productlvmes in group A with the average productivities in
group B. This is a consequence of assuming CRS in the computation of each
Shephard output distance function. This is a must if, as in our case, the Malmquist
productivity index is used.” This simple result justifies our claim that the base-group
CDMI really measures the productivity gap between groups A and B. The interpre-
tation in numerical values is exactly the same as the standard CDMI. When
CDMIAB(RS) > 1, the average productivity of production units in group A is higher
than in group B. Also, as in (3), (5) can be decomposed into two subcomponents:

AT (AT A i ' R (A A Lt o ()"
(i ov (o)) | oe (o))~ (o o)

o g U e o
(15,0 o)™ | (o (o)) D0

=

CDMI*®(R") =

EGAB
TGAB(R")

(6)

6 Note at this point that all the indexes introduced in this section calculate productivity gaps and their
evolution with respect to the efficiency dimension, i.e. including inputs and outputs for measuring dis-
tances. The same indexes for the effectiveness dimension are defined and explained in Sect. 2.3.

7 In this paper we assume a CRS technology for avoiding the infeasibility issue (Lovell, 2003). Moreo-
ver, in our empirical application scale is not a major issue because education is produced at classroom
level and outputs and inputs variables are usually averaged or normalized for avoiding size issues.
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The first components in (4) and (6) are identical, whereas the second terms, asso-
ciated with the comparison of the frontiers of each group, are different, although
their numerical interpretation in terms of efficiency gap and productivity gap are the
same as in (4). The technology gap TG?B(R") in (6) satisfies the circularity property,
which is an additional advantage of assuming a reference group to define the base-
group CDMI. This property indicates that, if more than two groups are taken into
account, for example A, B and C, the index for comparing A to C is equal to the
product of the index comparing A to B and the index comparing B to C. Like the
base-period Malmquist index, which passes the circularity test (Berg et al. 1992),
the base-group CDMI and its components are also circular.

In order to deal with panels and pseudo-panels, which is actually the context
with respect to PISA data, Aparicio and Santin (2018) suggest using a base-group
base-period PPMI to measure the relative productivity gap change between A and B
within r and 7 + 1:

CDMI*E (R")
PPMI*E (R') = —2———
t+1 ( ) CDMI?B(R}') (7)

where (7) is the ratio of two base-group CDMIs. To calculate PPMIfﬁl(Rh), the
reference group and the period of time for evaluating the base-group CDMI at ¢ and
t + 1 are both fixed.

One of the advantages of the PPMI proposed by Aparicio and Santin is that the
index can be interpreted as the ratio between an aggregated measure of productivity
changes, from ¢ to t + 1, of the units corresponding to group A and an aggregated
measure of productivity changes, from ¢ to ¢+ 1, of the units belonging to B. To
illustrate this point, let us suppose that we have real panel data, then n*' = At =t
and n? = nB"" = nB. In this case, the PPMIffil (R") can be rewritten as:

A =+ =+ t t l/nA
(e (s o1 1)

J J J

(H,'n:BI MR (x?m,yf;m’x?x’y?;))l/nl‘

ppMI% (R") = ®)

where MR’ (x;.‘m , y}“m ,x}f", y}f") and MR’ (xj?”l , yf“l ,xf', yf') denote the traditional
Malmquist index for units of group A and units of group B, respectively, when the
reference technology of in period /4 used is R.

The components of the PPMI can be interpreted similarly if it is decomposed in
the usual terms. In this way, the efficiency gap change (EGC) can be interpreted as
the ratio between an aggregated measure of efficiency changes, from ¢ to ¢ + 1, of the
units in A and an aggregated measure of efficiency changes, from ¢ to ¢ + 1, of the
units belonging to B, whereas the technology gap change (TGC) can be regarded as
the ratio of the aggregated technical change in group A to the aggregated technical
change in group B. See the specific definitions of each term in (9).

CDMI?E (R")  EG'E  TG"E (R

PPMI'E (R") = CDMI;*; ((Rh)) = EG’; . TG;; ((Rh)) = EGC% | - TGC'% | (R").

©)
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As for the base-group CDMI, the base-group base-period PPMI, and its compo-
nents in (9) also satisfy the circular relation.

Finally, we can slightly modify (5) using this framework to measure the produc-
tivity changes of the same group of production units PPMI*A (R") over time as

t+1
follows:

t+1
II;S;H DRh <XAH1 ,yAHl > ) l/nA

J J

PPMI* (R") = (

! , " (10)
Al 1 1
(2 pm ()
In the same vein, (10) can be decomposed into two subcomponents:
PPMIL, (RY) = (g o (J?M’y;w))l,/nﬁ . (e o (5" ‘M))l/nl‘ (s 2 ! )>1/
M o) (o () (mon o))
E6Cion raci, (v)

(1)

where PPMI?;}r l(Rh) and its components EGCft‘:l and TGCfﬁr l(Rh) also satisfy the
circularity property.

2.3 New methodological results: The performance gap index and its
decomposition

By analogy with the base-group CDMI and the PPMI defined by means of the stand-
ard Shephard output distance function, we extend these indexes in this paper to com-
pare a number of groups of DMUs over time from the viewpoint of performance. To
do this, we use just one input equal to one for all production units included in the
analysis. In this way, the base-group performance gap index (PGI) can be defined
from (5) as follows:

™ DR (], "
<HJ=1 < Y] ))
(2 DR (1,y7)) "™

If performance is defined as only one output, we can, accordingly, simplify (12)

. NY
to PGI*B(RM) = (H;Q . yJA )/ / ( n l”:B P ) . Therefore, PGI no longer com-

12)

PGIN® (R') =

1

pares productivities of group A units with respect to productivities of group B units.
Instead, it compares the aggregation of the outcomes of both groups regardless of
the resources utilized to achieve the outcomes. For PGI, therefore, we speak in terms
of an outcome gap rather than a productivity gap between groups as we do for the
CDMI. Obviously, it is straightforward to demonstrate that the PGI can again be
decomposed, like the base-group CDMI in (6), into two terms, which, for the sake of
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clarity, we will refer to as effectiveness gap and outcome possibility set gap, as
follows:

s s s\ 1/ A s s\ 1/ A J s Y o
(o (L ) | (e o2 (1)) (P ()

S s S l/ﬂﬂ‘v ' S s s 1/"AS . s s l/an ’
(my o)) (oo (1)) (o (107))

EfGAB OPSG{B(Rh)

PGI?B(R") =

(13)
where EfG?B is the effectiveness gap that represents the average distance of produc-
tion units in group A to their outcome possibility set with respect to the average
distance of production units in group B to their own outcome possibility set, and
OPSG?B(R]’) represents the outcomes possibility sets gap between groups A and B,
respectively. For both components, values greater (less) than one mean that group A
(group B) performs better than group B (group A).

When dealing with panels and pseudo-panels, we define the base-group base-
period performance gap change index to measure the performance gap index change
PGIC between A and B within ¢ and 7 + 1 as follows:

PGI'5(R")  EfGY, OPSGY(R")

AB 1+1 1+1 t+1
PGICNH( ) ’

= EfGC!2 - OPSGC''2
PGI*B(R') ~ EfG/®  OPSG/®(R") /

tt+1 tt+1( )

(14)
Again the PGIC can, like the PPMI in (9), be straightforwardly decomposed

into effectiveness gap change EfGCAB -, and outcome production set gap change
OPSGC?? (R™). The PGIC* (R") can be easily calculated and decomposed into

tt+1 L+
two time periods for the same group of production units following (10) as follows.

+1
(Hn R”<1 yAHl))l/nA

PGICY}, (R") = [ T (15)
(o™ (1.7))

Finally, (15) can be decomposed into two subcomponents following (11) as:

t+1 t+1
+1 1/ +1 1/t Al
A +1 A+l A R At ) At 1/n
(nj:] D (1, )) (Hi:,, D (1., ) (7 (1.3))
‘ 1/nA! . 1/nATH! . 1/n!
o () | o ()

AA
EfGC"
i+l AA h
OPSGCr.rH (R )

PGIC2A (R") =

L+l

(16)
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3 Data

We selected PISA for this benchmark study because it contains the best suited infor-
mation for measuring performance and productivity gaps for different groups of
schools. On the output side, the average scores gathered in the standardized tests
taken by 15-year-old students from the same school are a good measure of expected
educational outcomes.® On the input side, the information available on school inputs
and family background are very close to the definition of educational resources to be
accounted for by an ideal model.

In this paper, we compare the performance and productivity dimensions for the
educational production of six Latin American countries participating in the PISA
2006, 2012 and 2018 waves: Argentina, Brazil, Chile, Colombia, Mexico, and Uru-
guay. For this purpose, we use student data from the three waves aggregated at
school level.’

As mentioned above, a reference sample is necessary to compute the PPMI and
the PGIC to assure circularity. There is no simple rule for selecting this reference
technology. The technology of some DMU groups evaluated in a particular time
period could be selected as the reference, although the choice between the evalu-
ated groups is likely to be arbitrary, as there is no reason to choose one group over
the others. To avoid this issue, we prefer to select a group of DMUs outside the
evaluated groups with a technology that is reachable for all of them.'° For this pur-
pose, we selected the technology defined by the PISA 2006 Portuguese schools sam-
ple as the baseline. As the descriptive statistics reported later in this section show,
the characteristics of this Portuguese sample are in most respects comparable to the
Latin American countries samples for 2006, 2012 and 2018, and it is a reachable
benchmark for this set of countries.

From the original PISA sample, we picked schools with complete data for the
selected variables. We removed schools considered as outliers whose values were
three standard deviations away from the average values within each country. Table 1
reports the composition of the final sample by wave and country. We also included
data from the 2012 and 2018 Portuguese sample for comparative purposes, as shown
later. The inputs and outputs choice for our analysis relies on the well-known edu-
cational production function proposed by Levin (1974) where a vector of inputs can
produce a vector of outputs assuming the existence of inefficient behaviors. Under
this framework, schools are evaluated according to their ability of making the most
with their inputs.

8 Another key dimension of countries’ educational outcomes is children’s enrollment rates at secondary
schools. Unfortunately, this dimension cannot be considered in this study given that the information is
not available at school level in PISA.

 Two other Latin American countries, Costa Rica and Peru, participated in PISA 2012 and 2018, but
not in PISA 2006. This is the reason why they were not included in this analysis. In 2021, four other
Latin American countries will join the PISA project: El Salvador, Guatemala, Jamaica and Paraguay.

10 Ideally, the reference should be chosen by agreement by all evaluated groups. As a rule of thumb, the
reference should be recognized as a medium-term target with comparable sample size and as similar as
possible in culture and legal framework.
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3.1 Outputs

We selected the average results at school level in reading, mathematics and science as
outcomes. It is worth underlying that there are different cognitive and non-cognitive
dimensions embedded in the educational outcomes received by an individual; what
people usually calls a ‘good education’. Nevertheless, from the economics of edu-
cation point of view, the focus is currently set in measuring students’ achievements
through standardized tests. As it was remarked in the introduction, there is a strong
evidence in the literature for considering that the quality of education, measured as
the average results on test scores in mathematics, science and reading using interna-
tional tests like PISA, has a highly statistically significant effect on the growth of real
GDP per capita (see Hanushek and Woessmann 2020 for a discussion).

Note here that results in different PISA waves are only directly comparable
for some years and subjects (OECD 2014a, p. 52-53). As OECD (2014b, p. 159)
reports; “Again, for PISA 2012 the decision was made to report the reading,
mathematics and science scores on these previously developed scales. That is the
reading scales used for PISA 2000, PISA 2003, PISA 2006, PISA 2009 and PISA
2012 are directly comparable. PISA 2012 mathematics reporting scale is directly
comparable to PISA 2003, PISA 2006 and PISA 2009 and the science reporting
scale is directly comparable to PISA 2006 and PISA 2009 scale”. This means that
PISA scores in the three subjects are only comparable from 2006 onwards. This
led us to select PISA 2006, 2012 and 2018 and exclude earlier waves.

Table 1 also reports the average student scores and percentage variations
between the 2006, 2012 and 2018 waves for Latin American countries and Portu-
gal that constitute our three outputs. Compared with 15-year-old Portuguese stu-
dents, Latin American students achieve, on average, lower scores for the three
periods and for all three subjects, ranging from 20 to nearly 100 points. This is a
large gap by PISA standards. Furthermore, scores for several countries and sub-
jects were below 400 points in 2006 and still below 400 points in 2012 and 2018.
However, we find that most countries improved average scores substantially from
2006 to 2018. This is the case of Chile, Colombia, Argentina and, Brazil. On the
contrary, Mexican and particularly Uruguayan students’ scores declined. Mexican
and Uruguayan students, which were among the best Latin American performers
in 2006, were outperformed by Chilean students in 2018.

3.2 Inputs

On the input side, we separate school resources from family background for producing
educational outcomes, as suggested by Hanushek et al. (2013). A drawback of PISA
databases is that some resources scores provided by PISA, like economic, social and
cultural status (ESCS) and school educational resources (SCMATEDU or SCMATBUI)
are composite indexes built by categorical principal component analysis and centered
at zero in each wave. This means that these numbers cannot be interpreted in absolute
terms to measure productivity progress over time from one wave to another. Therefore,
we have to be cautious about the selection of the inputs that can be used to interpret
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Table 1 School sample and average PISA student scores in mathematics, reading and science

Country Wave School sample Mathematics Reading Science
Score A% Score A% Score A%

Argentina 2006 159 378 372 388

2012 212 390 33 396 6.3 405 4.3

2018 381 384 -1.6 407 2.8 409 1.0
Brazil 2006 579 358 382 378

2012 812 369 3.0 385 0.8 382 1.1

2018 504 377 23 406 5.4 397 39
Chile 2006 149 396 424 422

2012 204 434 9.6 449 6.1 455 7.7

2018 198 425 -2.1 460 2.4 452 -0.6
Colombia 2006 142 369 384 388

2012 303 381 35 408 6.2 403 39

2018 237 395 35 415 1.9 417 35
México 2006 1050 417 424 419

2012 1346 412 -1.2 421 -0.7 413 -1.4

2018 277 406 -15 417 -09 416 0.7
Uruguay 2006 265 430 417 431

2012 173 404 -6.0 406 =25 411 —-4.6

2018 183 408 1.0 415 2.3 416 12
Reference country
Portugal 2006 168 465 471 474

2012 165 483 4.0 484 2.7 486 2.5

2018 235 484 0.0 481 -0.5 483 -0.5

results as absolute values over time, which is our purpose. Another drawback is that
PISA does not report information on school accounts. Therefore, it is not possible to
make comparisons in monetary terms, e.g. cost reduction. Nevertheless, the variables
representing school resources are, to some extent, proxies of school costs.

In our model specification, school resources are represented by two inputs: the
teacher/student ratio and a school resources index. Both variables are computed at
school level and rely on information collected by PISA with a specific survey ques-
tionnaire answered by school principals. The first input is the teacher/student ratio
built as the ratio of the total number of teachers weighted by their working hours
(part-time teachers contribute 0.5 and full-time teachers 1) to the total number of
pupils. It approximates the labor factor.

The second input is the school resource index that is built adding up the responses
to several items related to school deficiencies. Following Santin and Sicilia (2015), we
select matching items across waves 2006, 2012 and 2018 and give each school one
point for every item for which the principal’s response was ‘not deficient’. Examples
of items for PISA 2006 and 2012 included in question SC14 are: ‘Qualified science
teachers’, ‘Qualified mathematics teachers’, ‘Qualified reading teachers’, ‘Any other
personal support’, ‘Science laboratory equipment’, ‘Educational material’, ‘Computers’,
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‘Software’, ‘Library resources’, ‘Audiovisual resources’. For comparability with the two
previous waves, in PISA 2018 we weighted the responses included in question SC017
(teaching staff, assisting staff, educational material and the quality of educational mate-
rial and question SC155 (digital devices and software). This variable was rescaled, and,
therefore, the minimum value is one and the maximum eleven in order to avoid zero
values in the empirical analysis. This variable approximates the capital factor.

As student resources, we use two inputs, which, averaged over students, represent
students’ family background at the school level representing the raw material for pro-
ducing education. Therefore, the third input is the highest number of years of school-
ing of parental education (PARED) that allows international comparability. Accord-
ing to the International Standard Classification of Education (ISCED; OECD 1999),
the student’s mother and the student’s father educational levels are transformed into
an estimated number of years of schooling. The higher value of either parent or the
only available parent information is assigned to each student. Finally, the fourth input
is the index of the highest parental occupational status (HISEI), coded according to
International Socio-Economic Index of Occupational Status (ISEI; Ganzeboom et al.
1992). Using open-ended questions about occupational data of both parents the answers
were mapped into the ISEI for the student’s mother and the student’s father. The highest
occupational status of parents (HISEI) corresponds to the higher ISEI score of either
parent or to the only available parent’s ISEI score (for more details about these two
inputs see OECD 2014b). Note at this point that we have selected standard variables
that are consistent with previous research (De Witte and Lopez-Torres 2017).

Table 2 reports the average values of school and family background resources.
Surprisingly, there are big differences in the teacher/student ratio across Latin Amer-
ican countries. In 2018, for instance, this ratio was three times higher in Argentina
(13.52) than in Brazil (4.57) and equivalent to Portugal (11.51). As expected, differ-
ences across countries in the average school resources index are smaller. Both the
teacher/student ratio and the resources index values increased from 2006 to 2018
across all countries, with the exception of Colombia, whose teacher/student ratio
diminished from 5.25 to 4.82, while school resources remained stable showing just a
slight decline in Argentina from 7.57 to 6.72.

Interestingly, student resources show some variation across countries and across
waves. Chile is the country with the highest values in 2018 for both variables—
higher parental education and occupation—, and, together with Colombia, the only
country for which these two indicators increased, on average, from 2006 to 2018.
There are negative variations in both indicators for Uruguay, and in parental socio-
economic status for three others, Argentina, Brazil and Mexico. The general better
parental education can be explained by the increase in secondary education enrol-
ment rates among 15-year-old students observed in most of these countries, with the
exception of Chile.!!

" World Development Indicators from the World Bank (2020) report the secondary education enroll-
ment evolution for the period 2006 to 2018 in these countries, as follows: 79.1% to 89.5% (2016) in
Argentina; 73.2% (2007) to 81.7% (2017) in Brazil; 89.9% to 86.8% (2017) in Chile; 68.9% to 77.4% in
Colombia; 67.8% to 81.2% (2017) in Mexico; and 67.6% (2007) to 88.2% (2017) in Uruguay. In Portu-
gal, the reference country, the evolution over the same period was from 82.6% to 94.7%.

@ Springer



Comparing the evolution of productivity and performance gaps...

4 Base-group CDMI and the PGI

In this section, we report the cross-sectional Camanho-Dyson Malmquist indexes
of productivity, CDMI*® (R") and performance, PGI*" (R"), for each years and for
each pair AB of Latin-American countries applying, respectively, Eqs. (6) and (13).
R" indicates the reference technology, which in our application corresponds to Por-
tugal in £=2006. Note that two types of average school distances, by country and
year, enter in the computation of Egs. (6) and (13). Therefore, we compute distances
with respect to the technology defined within the country sample and distances with
respect to the reference benchmark technology, which corresponds to the Portuguese
2006 schools sample.

Then, first of all, we report in Table 3 the averages of DEA effectiveness and effi-
ciency scores, computed using models 1 and 2. The first two columns (country refer-
ence) report the scores computed separately by wave and by country, assuming in
each case a country-specific benchmark. This benchmark is composed of the schools
retained in the sample for the respective country in the respective wave. We learn
from the above results that school effectiveness scores lie on average between 63.5%
(Brazil, 2006) and 80.9% (Chile, 2018) in Latin American countries and that, in
most cases, these scores are on average lower than efficiency scores. The only excep-
tions are Mexico in the three waves and Brazil in 2012 and Colombia in 2018.'

The results reported in the following two columns of Table 3 account for the ref-
erence technology, namely, the 2006 Portuguese schools sample. They give a rather
different view than the findings assuming country—and wave-specific technology.
Average effectiveness scores are lower than the Portuguese benchmark in all Latin
American countries. They vary from 65.1% (Brazil, 2006) to 76.7% (Chile, 2018),
and they increased over the period in all cases, except in Mexico and Uruguay.
These results mean that the test scores for Latin American countries in 2018 need to
improve from 23 to 32% to reach Portuguese technology effectiveness. On the con-
trary, efficiency scores among Latin American countries are mostly higher than the
reference used as the benchmark. The only exceptions are Argentina, and, to a lesser
extent, Uruguay, in 2012. Nevertheless, we observe a decline in efficiency over the
three waves in Brazil, Chile and Uruguay.

The last column in Table 3 reports Spearman’s rank correlation coefficients
between school effectiveness and efficiency scores within each country and the
PISA wave using Portugal 2006 as the reference technology. As expected, correla-
tions are very low and, in some cases, even negative. The correlation between school
effectiveness and efficiency was positive and in the three waves just in Argentina and
Colombia together with Portugal.

These results show per se the interest of designing educational policies to measure
and compare effectiveness and efficiency simultaneously in the same school samples
when consistent and complete data on outcome and resources are available. Schools
performing very well in terms of effectiveness but not so well in terms of efficiency

12 Note that this is also the case for Portugal in 2012 and 2018.
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Table 2 Average school and family inputs in PISA by country and year

Country Year Teacher student School resources Parental education Parental socio-
(100) econ. status
Ratio A% Index A% Ratio A% Index A%
Argentina 2006 9.79 7.57 11.90 44.9
2012 12.93 32.1 7.75 23 12.56 5.6 43.9 -2.1
2018 13.52 4.5 6.72 -13.2 13.02 3.7 44.1 0.3
Brazil 2006 3.57 5.95 10.36 41.6
2012 4.06 13.6 6.62 11.3 9.68 -6.6 39.7 —-4.5
2018 4.57 12.6 7.33 10.8 12.18 25.8 39.8 0.0
Chile 2006 4.27 6.57 11.82 38.7
2012 5.98 40.0 7.41 12.7 13.26 12.2 46.1 19.2
2018 6.22 4.0 8.96 21.0 13.95 52 473 2.7
Colombia 2006 5.25 591 10.53 41.9
2012 391 -254 591 0.0 11.24 6.7 40.4 -3.6
2018 4.82 232 6.13 3.8 11.22 -0.1 41.9 3.7
México 2006 4.10 6.46 10.94 429
2012 4.96 20.9 6.56 1.5 10.72 -2.1 38.6 -99
2018 4.27 -13.8 6.61 0.8 11.74 9.5 404 4.7
Uruguay 2006 7.55 6.89 12.40 43.9
2012 7.81 34 8.21 19.1 11.24 -93 38.6 -12.0
2018 9.63 233 7.11 -133 11.85 5.4 39.6 2.5
Reference country
Portugal 2006 12.31 8.38 9.59 41.3
2012 11.95 -3.0 9.68 15.6 11.01 14.7 42.5 2.8
2018 11.41 -4.5 6.79 -299 12.69 15.3 48.0 13.0

would be encouraged to improve resource utilization. On the contrary, schools per-
forming efficiently but achieving poor effectiveness, particularly in less developed
economies, require help with resource allocation. Finally, schools with low effec-
tiveness and low efficiency scores will need a combination of policies. The results
reported below summarize the overall situation of schools at the aggregate (country)
level. We then make cross-country and cross-time comparisons using PISA data and
the methodology presented in Sect. 2, using Portugal 2006 as the reference technol-
ogy. We also state some insights for national educational policy design.

Based on the distances in Table 3 and applying Egs. (6) and (13), we com-
pute performance and productivity gaps. Tables 4 and 5 show the PGI and base-
group CDMI, together with their decompositions for 2018, respectively. A similar
analysis was conducted for PISA 2006 and 2012 (see the four Tables included in
“Appendix’).

The above tables indicate how each country on the vertical axis (Group B in the
notation followed in Sect. 2) compares with each country on the horizontal axis
(Group A in the notation followed in Sect. 2). For example, the PGI in Table 4
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Table 3 DEA effectiveness and efficiency scores (averages)

Country Wave  Country reference Portugal 2006 reference Effectiveness/effi-
technology (R) ciency correlation

Effectiveness  Efficiency  Effectiveness  Efficiency

Argentina 2006 0.721 0.830 0.652 0.804 0.307
2012 0.735 0.820 0.681 0.771 0.309
2018 0.715 0.846 0.682 0.926 0.211
Brazil 2006 0.635 0.681 0.651 1.552 0.013
2012 0.690 0.655 0.652 1.341 0.023
2018 0.657 0.693 0.675 1.346 —-0.097
Chile 2006 0.743 0.842 0.717 1.397 0.324
2012 0.761 0.822 0.760 1.197 -0.186
2018 0.809 0.838 0.767 1.053 0.107
Colombia 2006 0.746 0.805 0.660 1.335 0.299
2012 0.704 0.789 0.687 1.555 0.097
2018 0.746 0.724 0.698 1.431 0.047
Mexico 2006 0.748 0.728 0.720 1.542 0.015
2012 0.752 0.641 0.747 1.486 —0.032
2018 0.751 0.746 0.702 1.618 0.057
Uruguay 2006 0.763 0.807 0.737 1.091 0.222
2012 0.730 0.852 0.693 0.942 -0.129
2018 0.761 0.780 0.700 1.059 —0.024
Reference
Portugal 2006 0.799 0.851 0.799 0.851 0.168
2012 0.823 0.805 0.821 0.852 0.219
2018 0.836 0.827 0.813 1.089 0.045

indicates that the outcome gap is 10% higher in Chile (CHL) than in Colombia
(COL=1.10) and 13.7% higher than in Brazil (BRA=1/0.879)." In the other two
panels of Table 4, we learn that the gap between Chilean and Colombian school
performance is the product of an effectiveness gap—Chilean schools were 8.4%
more effective (EfG=1.084), and had an outcome possibility set gap 1.4% better
(OPSG=1.014) than that their Colombian counterparts. Regarding the PGI with
respect to Brazilian schools this is fully explained by the effectiveness gap 23.3%
better in Chile because the outcome possibility set gap is dominated by Brazilian
schools by 8.4%.

13 It is important to highlight that from now on all performance and productivity gaps and gaps changes
results are obtained with the distances of Table 3 using equations from 5 to 16. For example, from
Table 4 PGI we know that the performance gap between, let say, Uruguay and Argentina is 1.026 for
2018. This is the result of using Eq. (12). We divide the average effectiveness of Uruguayan schools with
respect to Portugal 2006, according to Table 3 this value is 0.700, by the same distance for Argentina,
0.682. As for presentation purposes all values were rounded to three decimals, direct operations could
bring about slight differences in the third decimal.
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Therefore, we can use Tables 4 and 5 to compare any of the six Latin American
countries. Table 4 shows that Chilean schools outperformed all other school samples
in terms of performance in 2018. Average effectiveness (EfG) was higher than in all
the other countries. The pattern is different for Brazil that combines the worst per-
formance with outperforming all the other countries in terms of outcome possibility
set gap (OPSG).

From Table 5, we learn that Argentinean schools were the least productive dur-
ing 2018. This result is explained by a high technology gap with respect to other
countries, which is not offset by the general positive technical efficiency gap in
this year. This result is similar for Chile secondary schools, which are less efficient
than schools from the other countries, except for Argentinean schools. Chilean
technology is outperformed by the other countries’ technologies, except for Argen-
tina, where the technology gap favors Chilean educational production by 14.9%
(TG=1/0.871).

Figure 1 illustrates the base-group CDMI and the base-group PGI for the ana-
lyzed countries and dimensions summarizing the major gaps found. This diagram
shows the results reported in Table 3 with Portugal 2006 as the baseline.

In Fig. 1, performance gaps with respect to the base group reference are meas-
ured on the y-axis, whereas productivity gaps are captured on the x-axis. Within this
framework, Portugal 2006 technology acts as the reference, occupying the origin

Table 4 DecomPosition of base-  ~ - 'y ARG  BRA CHL COL MEX  URY
group PGI* performance scores

(PISA 2018) PGI (Performance Gap index)

ARG 1.000 1.010 0.889 0977 0971 0.974
BRA 0.990 1.000  0.879  0.967  0.961 0.964
CHL 1.125 1.137 1.000 1.100 1.093 1.096
COL 1.023 1.034  0.909 1.000  0.994  0.997
MEX 1.030 1.041 0915 1.006 1.000 1.004
URY 1.026 1.037 0912 1.003  0.997 1.000
EfG (effectiveness gap)

ARG 1.000 1.089 0.883 0958 0952 0.939
BRA 0.918 1.000  0.811 0.880 0.874  0.862
CHL 1.132 1.233 1.000 1.084 1.078 1.063
COL 1.044 1.137  0.922 1.000  0.994  0.980
MEX 1.050 1.144  0.928 1.006 1.000  0.986
URY 1.065 1.160  0.941 1.020 1.014 1.000
OPSG (outcome possibility set gap)

ARG 1.000  0.928 1.006 1.020 1.020 1.037
BRA 1.078 1.000 1.084 1.099 1.099 1.118
CHL 0.994 0923 1.000 1.014 1.014 1.031
COL 0.980 0910 0.986 1.000 1.000 1.017
MEX 0.981 0910  0.986 1.000 1.000 1.017
URY 0.964 0894 0969 0983  0.983 1.000

*Portugal 2006 is the reference technology
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Table 5 Decomposition of

.. Country ARG BRA CHL COoL MEX  URY
base-group CDMI* productivity

scores (PISA 2018) CDMI (Camanho Dyson Malmquist index)

ARG 1.000 0.688 0.879 0.647 0.572 0.874
BRA 1454  1.000 1278 0941 0.832 1.271
CHL 1.138  0.782  1.000  0.736  0.651  0.995
COL 1.546  1.063 1.359  1.000 0.884 1.351
MEX 1.748 1202 1536  1.131 1.000  1.528
URY 1.144  0.787 1.005 0.740 0.654  1.000
EG (efficiency gap)

ARG 1.000  1.220 1.010 1.169 1.134  1.086
BRA 0.819 1.000 0.827 0958 0929 0.890
CHL 0.990 1.209 1.000 1.157 1.123 1.075
COL 0856 1.044 0.864 1.000 0970  0.929
MEX 0.882 1.076  0.891 1.031 1.000  0.958
URY 0.921 1.124 0930 1.076  1.044  1.000
TG (technology gap)

ARG 1.000  0.564 0.871 0.554 0505  0.805
BRA 1.775 1.000 1545 0982  0.895 1.429
CHL 1.149  0.647 1.000 0.636  0.580  0.925
COL 1.806  1.018 1572 1.000 0911 1.455
MEX 1982  1.117  1.725 1.097  1.000  1.596
URY 1242 0.700 1.081  0.687  0.627  1.000

*Portugal 2006 is the reference technology

of the coordinates (1, 1) in Fig. 1. The reference technology can be assumed to be
the production frontier for Portugal 2006.'* The graph has four quadrants, where
countries in the north-east quadrant perform better in terms of effectiveness and effi-
ciency than the reference, whereas countries in the South-West quadrant perform
worse in both dimensions, countries in the south-east quadrant dominate the refer-
ence in terms of efficiency but not in terms of effectiveness, and countries in the
north-west quadrant are less efficient but more effective than the reference. Most
countries, except Argentina and Portugal in both periods and Uruguay 2012, fall into
the south-east quadrant, showing a positive efficiency gap with respect to Portugal
2006 technology, but being less effective than this reference. In fact, we did not find
any country dominating Portugal 2006 in terms of effectiveness.

Every country appears three times in the plot in order to represent the distance
in effectiveness and efficiency in the three periods with respect to Portugal 2006
technology. At the same time, Fig. 1 compares the gap evolution of a country
in three dimensions: against itself, against the analyzed set of Latin American

!4 Note that under this approach it is also possible to compare the mean behavior of Portuguese schools
in 2006 against their own technology. Obviously, in this case for Portugal 2006 all the distance with
respect to the technology is explained by the efficiency component.
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Fig.1 PGI and CDMI. Performance and productivity gap evolution across countries (PISA 2006, 2012,
2018)

countries and against the reference. First, it is interesting to evaluate the devel-
opment of a country with respect to itself from 2006 to 2018. Again, the most
favorable direction is north-east because this result suggests a general improve-
ment in effectiveness and efficiency. This is the direction followed by Colombia,
Argentina and Portugal. With the same reasoning, the worst direction is south-
west, where both dimensions deteriorate, as is the case for Uruguay. Second, a
country that crosses an axis can be said to overtake (from west to east) or be over-
taken (from east to west) by, the reference depending on the trajectory. Again,
Uruguay’s results confirm that the country was outperformed by the reference in
2012 with respect to 2006. Third, the distance, measured as the ratio between
two countries in the same year, indicates the base-group PGI and the base-group
CDMI that correspond with the performance and the productivity gaps. Accord-
ing to Egs. (6) and (13), these gaps can be decomposed for explaining the drivers
of these gaps that are discussed in the next section. Finally, we have also plotted
the behavior for Portugal 2012 and 2018 in order to analyze the path followed by
the reference. It is clear that effectiveness increased on average for Portugal dur-
ing 2012 with respect to 2006. From 2012 to 2018 Portugal gained in productivity
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Table 6 Pseudo-panel

S Country ARG BRA CHL COoL MEX  URY
Malmquist index for

performan.Cfe (P_GIC) and its PGIC (Performance Gap Index Change)

decomposition into EIGC and — \ p 1044 1043 0985 1002 1007 1110

OPSGC (PISA, 2006-2012)
BRA 0959 1.001 0944 0961  0.965 1.064
CHL 1.016  1.060 1.060 1.017 1.022  1.127
COL 0.998 1.040  0.983 1.042  1.004 1.107
MEX 0.993 1.037 0978 0996 1.037 1.103
URY 0901 0939 0.887 0903 0906  0.940
EfGC (effectiveness gap change)
ARG 1.019 0938  0.995 1.080  1.015 1.066
BRA 1.066  1.086 1.060 1.152  1.081 1.134
CHL 1.005 0944 1.025 1.086 1.020 1.071
COL 0926 0.868 0.920 0944 0940 0.986
MEX 0986 0925 0980 1.064  1.005 1.050
URY 0938 0.881 0934 1015 0952 0.957
OPSGC (outcome possibility set gap change)
ARG 1.024  1.112 0990 0928  0.993 1.043
BRA 0.899 0922 0.892 0835 0.893 0.938
CHL 1.010 1.122  1.034 0937 1.001 1.053
COL 1.078  1.197  1.067 1.104 1.070  1.123
MEX 1.008  1.120  0.999  0.935 1.032  1.051
URY 0959 1.066 0.950 0.8900 0951 0.982

at the cost of a slight declining in performance. However, Portugal continues
being a valid benchmark for Latin American countries in terms of performance.

5 Productivity gaps over time

Finally, we report the PGIC and PPMI index computations, used to compare changes
in performance and productivity for all countries across the three PISA waves,
together with their respective decompositions applying the methodology described
in Sects. 2.2 and 2.3. The results are reported in Tables 6, 7, 8 and 9 and illustrated
in Figs. 2, 3 and 4. All the information contained in Tables 6, 7, 8 and 9 is summa-
rized in Figs. 2, 3 and 4. We make a distinction between PGIC, PPMI (Fig. 2) and
their respective decompositions into EfGC and EGC (Fig. 3) and into OPSGC and
TGC (Fig. 4), plotting each country in order to represent the changes over the entire
period 2006 to 2018.
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Table 7 Pseudo-panel

S Country ARG BRA CHL COoL MEX  URY
Malmquist index for

performan.Cfe (P_GIC) and its PGIC (Performance Gap Index Change)

decomposition into BIGC and o 1002 0967 0992 0987 1066 0992

OPSGC. (PISA, 2012-2018)
BRA 1.034  1.035 1.026 1.020 1.102  1.025
CHL 1.008 0975 1.009 0995 1.074  0.999
COL 1.013 0980 1.005 1.015 1.080  1.005
MEX 0938 0908 0931 0926 0.940 0.930
URY 1.008 0976 1.001 0995 1.075 1.010
EfGC (effectiveness gap change)
ARG 0973 1.023 0915 0918 0974 0.933
BRA 0978 0951 0.895 0.898 0952 0912
CHL 1.092  1.117 1.063 1.003 1.064 1.019
COL 1.089  1.114 0997 1.060 1.06] 1.016
MEX 1.027  1.050 0940 0943 0.999 0.958
URY 1.072 1.096 0981 0984 1.044 1.043
OPSGC (outcome possibility set gap change)
ARG 1.029 0946 1.084 1.075 1.094 1.063
BRA 1.057 1.088 1.146 1.136 1.157 1.124
CHL 0923 0.873 0949  0.991 1.009  0.981
COL 0930 0.880 1.009 0958 1.018 0.989
MEX 0914 0.864 0991 0982 0941 0.971
URY 0941 0.890 1.020 1.011 1.030  0.968

Each country is plotted'® in Figs. 2, 3 and 4 according to (11) and (16), whereas
the distances between two countries regarding the two dimensions/axes considered
represent the gap change measured in (9) and (14). There is no clear pattern fol-
lowed by the six countries in Fig. 2. We observe how Colombia and Argentina are
on the north-east quadrant showing that in these two countries performance and
productivity improved during this twelve-years period. The reverse is Uruguay
(south—west), the only country where both indicators decrease over the 2006 to 2018
period. Departing from an advantageous position in 2006, Uruguayan schools have
lost their relative better situation with respect to other countries. Like Uruguay, other
countries (north—west) also experienced a productivity loss. This is the case of Chile
and Brazil, however, their performance with respect to 2006 increased being Chile
the country with the highest change. In the south-east quadrant is Mexico, indicat-
ing that this country gained in productivity at the cost of losing performance. Sum-
marizing, the current poor results in 2006 single out the effectiveness dimension as

15 Note that applying the circularity property of Eqs. (10), (11), (15) and (16), the exact coordinates for
dots plotted in Figs. 2, 3 and 4 showing all performance and productivity changes and their decomposi-
tions between 2006 and 2018 are obtained multiplying the main diagonal in Tables 6 and 8 (2006-2012
changes) by the main diagonal in Tables 7 and 9 (2012-2018 changes) respectively. The values outside
the main diagonals in Tables from 6, 7, 8 and 9 represent the distances between them.
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Table 8 Pseudo-panel
Malmquist index (PPMI) and
its decomposition into EGC and
TGC. (PISA. 2006-2012)

Country ARG BRA CHL COL MEX URY

PPMI (Pseudo-panel Malmquist index for productivity)

ARG 0959 1.110  1.120 0.824 0996  1.111
BRA 0901 0.864 1.008 0.743  0.897 1.001
CHL 0.893 0992 0.857 0.736  0.889  0.992
COL 1214 1346  1.358  1.164  1.208 1.349
MEX 1.004  1.115 1.125  0.828 0964  1.117
URY 0900 0999  1.008  0.741 0.895  0.863
EGC (efficiency gap change)

ARG 0988 1.028 1.013 1.009 1.123  0.935
BRA 0973 0961 0985 0982 1.092  0.909
CHL 0987 1.015 0976 099  1.109 0.923
COL 0.991 1.018  1.004 0979 1.113  0.927
MEX 0.891 0916 0902 0.898 0.880 0.834
URY 1.070  1.100  1.083 1.079  1.199  1.057
TGC (technology gap change)

ARG 0970 1.080 1.104 0.817 0.886  1.189
BRA 0926 0.899 1.023 0.756  0.820 1.100
CHL 0905 0977 0.878 0.739 0.802  1.075
COL 1.224 1323 1353 1.189  1.086  1.456
MEX 1.128  1.219 1247 0921 1.095 1.341
URY 0.841 0909 0.930 0.687 0.746  0.817

the priority, and this causes more inputs to be set aside to improve test scores. Four
countries achieved better performance but for two of them (Chile and Brazil) this
was in detriment to the productivity dimension.

Figures 3 and 4 show the PGIC and PPMI decompositions, which identifies the
countries that benefit most from effectiveness and efficiency changes (EfGC vs.
EGC), together with the outcome possibility set gap change and technological gap
change (OPSGC vs. TGC). Figure 4 shows how the good performance and produc-
tivity results obtained by Colombia and Argentina (Fig. 2) are driven by shifting
up their production frontiers. Their results in terms of EfGC and EGC are not so
positive but this appears to be a sound result because when some schools shift up
the frontier, the remaining schools need some time to catch up with respect to the
best performers. In Fig. 3 we can understand that the high positive performance gap
change in Chile (Fig. 2) in driven by a high effectiveness gap change, i.e. in 2018
all Chilean schools are closer to their outcome possibility set than in 2006 even
although the outcome possibility set gap is slightly backwards compared to 2006
(Fig. 4). This seems to be an alternative way of increasing performance at the cost of
a loss in productivity. A possible explanation, as we confirm seeing descriptive sta-
tistics of Chile in Table 2, is that expending relatively more resources than in other
countries leads to a lost in both productivity components, efficiency and technology
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Table9 Pseudo-panel
Malmquist index (PPMI) and
its decomposition into EGC and
TGC. (PISA. 2012-2018)

Country ARG BRA CHL COL MEX URY

PPMI (Pseudo-panel Malmquist index for productivity)

ARG 1.201 1.196  1.365 1.305 1.103 1.068
BRA 0.836  1.004 1.141 1.091 0922  0.893
CHL 0732 0.876  0.880 0956  0.808  0.782
COL 0766 0917 1.046 0921 0.846  0.819
MEX 0906 1.084 1.237 1.183 1.089  0.968
URY 0936  1.120 1278 1222  1.033 1.125
EGC (efficiency gap change)

ARG 1.032 0975 1.012 1123  0.886  1.128
BRA 1.026  1.059 1.038 1.153 0909 1.158
CHL 0.989  0.963 1.020  L.111  0.875 1.115
COL 0.890 0.868 0.900 0918 0.788  1.004
MEX 1.129  1.100  1.142  1.268 1.165 1.274
URY 0886 0.864 0.897 099 0.785 0915
TGC (technology gap change)

ARG 1.164 1228 1350 1.162 1246  0.947
BRA 0.814 0948 1.099 0946 1.015 0.771
CHL 0.741 0910 0.863 0.861 0923 0.702
COL 0.861 1.057 1162  1.002 1.073  0.815
MEX 0.803 0985 1.083 0932 0935 0.760
URY 1.056  1.297 1425 1.227 1316 1230

but allows to boot performance. Finally, we should highlight that a simultaneous
positive EfGC and EGC, as in Brazil and Mexico (Fig. 3), do not imply higher per-
formance and productivity.

6 Conclusions

The main objective of this paper is to propose a tool for measuring the performance
and productivity gaps across a set of production units belonging to different groups
for monitoring their evolution and analyzing their components. To do this, for
measuring productivity gaps we use the approach proposed by Aparicio and Santin
(2018), which is grounded on a base-group base-period index. Additionally, for the
first time, we introduce an index to measure performance gaps and its decomposi-
tion. As an empirical illustration of the approach, we focus our attention on the edu-
cational sector. In particular, we analyzed a set of six Latin American countries over
time (2006 and 2018).

From the analysis, we find that the simultaneous analysis of performance and
productivity gaps together with their evolution over time is an accurate way of
benchmarking countries for monitoring improvements and weaknesses in education
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Fig.2 PGIC and PPMI. Performance and productivity gap change (PISA, 2006-2012; PISA, 2006-2018)

systems. New policies, programs, resources and practices aimed at enhancing school
performance and productivity should be monitored in comparison with other actors
to detect, learn and replicate best practices. At the same time, performance and pro-
ductivity are different dimensions that, in education at least, should be considered
simultaneously. If we only evaluate taking one of the two dimensions, we might con-
clude that the educational system is working, leading to imprecise policy recom-
mendations. For policymakers, it is necessary to understand the cost of performance
or productivity losses. Countries with poor performance (in terms of test scores)
should probably focus first on this dimension setting as priority boosting students’
achievements. Later, once they have reached a specified threshold, the focus could
switch to productivity. However, both aspects should be taken into account at all
times.

We should underscore some of the results of our analysis. First, the pattern for
most countries in Fig. 2 appears to show that this is what is occurring in most
Latin American countries, where effectiveness is the priority and is being pushed
upwards by the allocation of relatively more inputs to this aspect. In some cases,
as in Colombia and Argentina, this is done in an efficient way while in others,
as in Chile or Brazil, this is leading to cuts in the efficiency dimension. Second,
performance gaps among Latin American countries are relatively low, although,
in 2018, Chile is the benchmark for enhancing educational practices in the region.
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Fig. 3 EfGC and EGC. Effectiveness and efficiency gap change (PISA 2006-2012; PISA 2006-2018)

Uruguay, which was the benchmark in 2006, has been reached by other countries
and is the only country where both dimensions have decreased over the period
2006-2018. Third, Mexico and Colombia clearly achieve the best results with
respect to the efficiency dimension. This means that these countries are getting
their results with relatively fewer resources than the other countries.

This approach can be used to address many research lines in the near future.
As we have already highlighted, this tool could be used not only for the fol-
low-up of schools in different countries but also for analyzing the evolution of
other differences between groups of production units working within different
environments or under different educational policies. The information gathered
could be used by policy makers to justify new programs or new framework laws
to boost results in either or both dimensions. This is especially important in the
case of countries with federal systems of government to assure that educational
inequalities among states are tolerable or for making decisions on investment in
public or stated-funded private schools.
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Appendix

See Tables 10, 11, 12 and 13.

Table 10 Decomposition of

. Country ARG BRA CHL COL MEX  URY
PGI effectiveness scores (PISA

2006) PGI (Performance Gap index)
ARG 1 1.001 0909 0988 0.905 0.885
BRA 0.999 1 0.908 0986 0904  0.884
CHL 1.100 1.101 1 1.087 0995 0973
COL 1.012 1.014  0.920 1 0916  0.896
MEX 1.105 1.106 1.005 1.092 1 0.978
URY 1.130 1.131 1.028 1.116 1.022 1
EfG (effectiveness gap)
ARG 1 1.135 097 0966 0963  0.945
BRA 0.881 1 0.855  0.851 0.849  0.833
CHL 1.031 1.170 1 0995 0993 0974
COL 1.035 1.175 1.005 1 0.997  0.979
MEX 1.038 1.178 1.007 1.003 1 0.981
URY 1.058 1.200 1.027 1.021 1.019 1
OPSG (outcome possibility set gap)
ARG 1 0.882  0.937 1.023 0939 0.936
BRA 1.134 1 1.061 1.159 1.064 1.061
CHL 1.067  0.943 1 1.092 1.003  0.999
COL 0978 0.863 0916 1 0918 0915
MEX 1.065 0940 0.997 1.089 1 0.996
URY 1.068  0.943 1.001 1.093 1.004 1
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Table 11 Decomposition of

Count ARG BRA CHL COoL MEX  URY
CDMI efficiency scores (PISA oumtry

2006) CDMI (Camanho Dyson Malmquist index)
ARG 1 0518 0575 0.602 0521  0.737
BRA 1.931 1 1.111 1.162  1.006  1.422
CHL 1.739 0900 1 1.046 0906  1.281
COL 1.661 0861 0956 1 0.866  1.224
MEX 1919 0994 1104 1.155 1 1.413
URY 1.357  0.703  0.781 0.817 0.708 1
EG (technical efficiency gap)
ARG 1 1.218  0.985 1.031 1.14 1.029
BRA 0.821 1 0.809 0.846 0936  0.845
CHL 1.015 1236 1 1.046  1.157 1.044
COL 0970 1.182 0956 1 1.106  0.998
MEX 0877 1.068 0.864 0904 1 0.902
URY 0972 1.183 0958 1.002 1.109 1
TG (technology gap)
ARG 1 0425 0584 0.584 0457 0.716
BRA 2.353 1 1.373 1.373 1.075 1.684
CHL 1712 0728 1 1 0.783 1.227
COL 1712 0.728  1.000 1 0.783 1.226
MEX 2.188 0930 1.277 1.277 1 1.566
URY 1.397 0594 0815 0816 0.639 1
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Table 12 Decomposition of

. Country ARG BRA CHL COoL MEX  URY
base-group PGI* effectiveness

scores (PISA 2012) PGI (Performance Gap index)
ARG 1 1.044  0.895 0990 0911  0.982
BRA 0.958 1 0.857 0948 0.872  0.941
CHL 1.117 1.167 1 1.106  1.017  1.097
COL 1.010 1.055 0904 1 0920  0.992
MEX 1.098 1.147 0983 1.087 1 1.079
URY 1.018 1.063 0912 1.008 0927 1
EfG (effectiveness gap)
ARG 1 1.065  0.965 1.043 0977  1.007
BRA 0939 1 0906 0.980 0918  0.945
CHL 1.036  1.104 1 1.081 1.013 1.043
COL 0959  1.020 0.925 1 0.937  0.965
MEX 1.024  1.089 0987 1.067 1 1.030
URY 0.993 1.058 0959 1.036 0971 1
OPSG (outcome possibility set gap)
ARG 1 0981 0928 0949 0932 0976
BRA 1.019 1 0946 0968 0950  0.995
CHL 1.078  1.057 1 1.023 1.004  1.052
COL 1.054  1.033 0978 1 0982  1.028
MEX 1.073 1.053 099 1018 1 1.047
URY 1.025 1.005 0951 0973  0.955 1

*Portugal 2006 is the reference technology
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Table 13 Decomposition of

. Country ARG BRA CHL COoL MEX  URY
base-group CDMI* efficiency

scores (PISA 2012) CDMI (Camanho Dyson Malmquist index)
ARG 1 0575 0.644 049 0519 0.819
BRA 1.739 1 1.120  0.863  0.902 1424
CHL 1.553  0.893 1 0.770  0.805 1.271
COL 2016  1.159 1299 1 1.046  1.651
MEX 1927 1.109 1242 0956 1 1.579
URY 1.221 0702 0.787 0.606  0.633 1
EG (technical efficiency gap)
ARG 1 1252 0998 1.040 1.280  0.962
BRA 0799 1 0.797  0.831 1.022  0.768
CHL 1.002  1.255 1 1.042 1283  0.964
COL 0962  1.203 0960 1 1.231 0.925
MEX 0781 0978 0.779 0812 1 0.752
URY 1.040 1302 1.037 1.081 1.330 1
TG (technology gap)
ARG 1 0.459 0.645 0477 0405 0.851
BRA 2179 1 1.405 1.038  0.882  1.853
CHL 1.550 0712 1 0.739  0.628  1.319
COL 2.096 0963  1.353 1 0.850  1.785
MEX 2469  1.134 1592 1176 1 2.100
URY 1.175 0540 0.758 0560 0476 1

*Portugal 2006 is the reference technology
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