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Abstract

:

Over the last few decades, public programs have driven the gradual adoption of information and communication technologies (ICTs) in education. The most ambitious project in Spain so far was Escuela 2.0, which provided students from the regions that opted into the program with laptops. The objective of this paper is to evaluate the impact of this program on school performance and productivity. To do this, we developed a new methodological approach based on combining causal inference techniques and the analysis of production frontiers. We calculated the differences in productivity and performance between treated and control schools using the base-group Camanho–Dyson Malmquist index and the base-group performance gap index. We estimate the impact of the program as the variation of these differences, following the essence of the difference-in-differences analysis. The main results are that Escuela 2.0 had a negative impact on performance and productivity.
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1. Introduction


Over the last two decades, different authors have analyzed the impact on student outcomes of introducing information and communication technologies (ICT) in the classroom [1,2,3]. The mainstream approaches for performing this evaluation are econometrics and causal inference, including regression models [4], randomized controlled trials [5], regression discontinuity designs [6], difference in differences (DiD) [7] or instrumental variables [8]. However, no conclusive empirical evidence has been found on the impact of these programs on student outcomes.



For example, ref. [9] found that a computer-based mathematics learning program in India effectively raised the grades of participating students, while [5] noted the positive impact of a computer-based instruction program on mathematics outcomes. In the same vein, ref. [10] reported that executing a computer-based instruction program in a primary school in Guayaquil successfully raised mathematics, but not literature, scores. Likewise, ref. [8] found that increased investment in ICT in primary schools in England positively impacted performance in English and science, but not in mathematics. In contrast, other studies have not found that the introduction of ICT in the classroom has any significant effects on increased funding to subsidize ICT implementation in US school districts [11] or on schools that benefited from programs to purchase computers and software [6]. Indeed, ref. [12] analyzed the impact of the Plan Ceibal, one of the largest ICT programs in Uruguay, and concluded that it had no effect on mathematics and reading scores 2 years after its implementation. Some papers, such as [4] or [7], even show a potential adverse effect of ICT. Furthermore, ref. [3] analyzed the impact of a one laptop per child program introduced by the Catalan government on student achievement and found that this program had a negative impact on student performance in Catalan, Spanish, English, and mathematics. They also found that it had an even stronger impact on boys than girls. There are diverse reasons why these types of programs have no (or negative) effects on student outcomes, but we can highlight the lack of provision of training programs for teachers, the fact that the laptops might have been used primarily for internet searches, or the failure by teachers to incorporate the technology into the curriculum.



The doubts about the actual effects of ICT on education are even more significant if we consider that ICT programs have continuously changed over the last decade. In the beginning, ICT programs in schools applied a computer classroom model. This model concentrated technological resources at a single location in the school outside of the student’s usual learning space. However, different programs worldwide began to adopt technologies based on the “1-to-1” or “one laptop per child” model in the first decade of the 21st century. These new modalities aimed to give students access to technology in their everyday learning environment and facilitate its assimilation in teaching practice [13].



As most public educational policies are implemented at schools, another recent research line sets out to measure the impact of an intervention directly on the efficiency or productivity of schools using nonparametric frontier approaches (for a review see [14]). Data envelopment analysis (DEA)-based techniques and Malmquist-related indices are widely used in the measurement of technical efficiency [15] and productivity changes in education [16]. The reason is that DEA is very flexible. With just few assumptions about the production technology, like weak disposability and convexity, it is capable of handling multiple inputs and outputs to draw the production frontier and estimate the efficiency levels or the productivity change indexes of a set of decision-making units.



Taking all this into account, the aim of this paper is twofold. First, it contributes to this recent literature by analyzing the impact of the most ambitious ICT program developed in Spain over the last few decades: Escuela 2.0. This project was the first educational policy in Spain to employ the “one laptop per child” model, providing primary (fifth- and sixth-grade) and later secondary (seventh- and eighth-grade) school pupils with technological resources. We were able to evaluate this program because the policy was co-funded by Spain’s national and regional governments. Regional governments were given the choice of whether to opt in or out of the program. To perform this evaluation, we use data from the 2009 and 2015 Program for International Student Assessment (PISA) reports. In 2009, Escuela 2.0 had not started, whereas the pupils assessed in PISA 2015 should potentially have benefited from the program.



Second, we apply an original approach to evaluate a public policy, consisting of combining insights from production frontiers and difference-in-differences (DiD) analysis. This approach tries to respond to situations where several cross-sections of DMUs representing a population are available. To this end, we use the base-group Camanho–Dyson Malmquist index (CDMI) proposed by [17] to measure differences in productivity across schools, and the base-group performance gap index (PGI) developed by Aparicio et al. (2020) [18] for differences in performance. Then, we measure the impact of the intervention as the change in productivity and performance gaps measured before and after the program between treated and control DMUs as in the DiD framework.



To achieve the two goals, the paper is organized as follows. Section 2 provides an overview of the methodology and discusses how our estimation strategy combines production frontiers and DiD. Section 3 explains the main features of the Escuela 2.0 one laptop per child program developed in Spain and describes the data and variables from the PISA 2009 and 2015 waves used in the empirical analysis. Section 4 reports the results. Finally, the paper ends with some conclusions and directions for further research.




2. Materials and Methods


In this section, we introduce the notation and the base-group Camanho–Dyson Malmquist index (CDMI) and performance (PGI) gaps for measuring the productivity of two or more groups of DMUs introduced by [17,18] respectively. These theoretical grounds will be applied later to measure the impact of the Escuela 2.0 program on schools’ performance and productivity results under this framework. The main goal of the program Escuela 2.0 was to integrate ICT in schools, fostering the use of one laptop per child. This objective implies a greater endowment of resources to schools, so it can be expected that the academic performance of students and the use of computers will improve. Therefore, we understand school productivity as making the best possible use of the public resources available for achieving the best educational outcomes in terms of academic performance, acquisition of new skills, etc.



Following the theoretical definition of educational production function originally proposed by [19,20], suppose that we are interested in analyzing the production performance of two groups of DMUs considering a multi-output multi-input setting. Let A and B be these two groups of schools and consider N schools in group A,   j = 1 , … , N   and M schools in group B,   i = 1 , … , M  . Schools use a vector of inputs   x = (  x 1  , … ,  x k  ) ∈  R + K    to produce a vector of outputs   y = (  y 1  , … ,  y l  ) ∈  R + L   . For example, for DMUs in group A, a feasible production technology can be defined as    T A  =  {   (  x , y  )  ∈  R + K  ×  R + L  : x   c a n   p r o d u c e    y   }   , which is assumed to satisfy the set of axioms detailed in [21].



Within this scenario, the input–output information for two DMUs, j and i, operating in groups A and B can be represented as    (   x  j A    ,  y  j A     )    and    (   x  i B    ,  y  i B     )   , respectively. We can define the Shephard output distance function for school j in group A to the frontier technology of group B,    T B     as    D B   (   x  j A    ,  y  j A     )  = i n f  {   θ  j A   :  (   x  j A    ,    y  j A     /   θ  j A      )  ∈  T B   }   , where    θ  j A     is the efficiency score for the evaluated unit j in group A. Based on the reciprocal value of the Shephard output distance function, for example,    D B     (   x  j A    ,  y  j A     )    − 1   = 1.15  , we find that the DMU j can equi-proportionately expand the production of all its outputs by 15% with a constant input vector to reach the production frontier defined by DMUs in group B. A value equal to one indicates that the DMU is efficient, because it lies on the production boundary.



Although the output distance function to the production technology can be estimated in different ways, we resort in this paper to the well-known DEA under constant returns to scale (CRS), originally proposed by [22], where    T A t  =  {   (   x t  ,  y t   )  ∈  R + K  ×  R + L  :   ∑  j = 1  n    λ j   x j t    ≤  x t  ,     ∑  j = 1  n    λ j   y j t    ≥  y t  ,      λ j  ≥ 0  }    is the production technology for a set of production units belonging to group A operating in period t, and    λ j    are the weights for identifying the best performers in group A in order to draw the production frontier.



2.1. The Camanho and Dyson Malmquist Index (CDMI)


The Malmquist index was proposed by [23] with the aim of measuring the total factor productivity changes between a set of DMUs in two time periods as the ratio of the distances of each DMU relative to a common frontier. Following [24], the index may be built and decomposed using different DEA programs to compute different distances between the evaluated production unit and the frontier for each period. The output-oriented Malmquist productivity index for a group of DMUs observed in two time periods  t  and   t + 1   under CRS technology is defined as follows:


  M  (   x  t + 1   ,  y  t + 1   ,  x t  ,  y t   )  =       D  t + 1   (  x  t + 1   ,  y  t + 1   )    D t  (  x t  ,  y t  )    ︸   E C  (   x  t + 1   ,  y  t + 1   ,  x t  ,  y t   )    ⋅       [   (     D t  (  x  t + 1   ,  y  t + 1   )    D  t + 1   (  x  t + 1   ,  y  t + 1   )    )  ⋅  (     D t  (  x t  ,  y t  )    D  t + 1   (  x t  ,  y t  )    )   ]     1 / 2     ︸   T C  (   x  t + 1   ,  y  t + 1   ,  x t  ,  y t   )     



(1)







A Malmquist index higher (lower) than one implies productivity gains (losses) from period t to period t + 1. The first ratio in Equation (1) measures the efficiency change (EC). When EC > 1 (EC < 1), the value captures the efficiency improvements (cutbacks) in period t + 1 with respect to period t. The second component in square brackets in Equation (1) denotes the technological change (TC) in period t + 1 with respect to period t. This value may be analyzed in a similar way to EC, where TC > 1 (TC < 1) now represents technological progress (regress), whereas TC = 1 indicates that there are no technical changes in the two periods.



Ana Camanho and Robert Dyson [25] originally adapted the Malmquist index to compare the performance of two groups of DMUs operating under different conditions in one and the same period. Briefly, Camanho and Dyson [25] set out to replace the superscripts t and t + 1 related to the periods in Equation (1) by the geometric means related to the distance functions of DMUs in groups A and B to be compared. Formally, the original CDMI [25] designed to measure the performance gap and its components between the groups A and B in one time period t can be defined as:


    C D M I  t  A B   =         (    Π   j = 1  N   D A  (  x  j A    ,  y  j A    )  )    1 / N        (    Π   i = 1  M   D B  (  x  i B    ,  y  i B    )  )    1 / M      ︸   E  G s  A B     ⋅       [       (    Π   j = 1  N   D B  (  x  j A    ,  y  j A    )  )    1 / N        (    Π   j = 1  N   D A  (  x  j A    ,  y  j A    )  )    1 / N     ⋅      (    Π   i = 1  M   D B  (  x  i B    ,  y  i B    )  )    1 / M        (    Π   i = 1  M   D A  (  x  i B    ,  y  i B    )  )    1 / M      ]     1 2     ︸   T  G s  A B     .  



(2)




where      (    Π   j = 1  N   D B  (  x  j A    ,  y  j A    )  )    1 / N     is the geometric average distance of the N DMUs in group A relative to the technology of group B. The CDMI is sound and easy to interpret; a value higher than one indicates better average performance in group A than in group B, whereas the opposite holds when the index is lower than one. Like the Malmquist index, the CDMI can be decomposed into two parts (Equation (2)). On one hand, the   E  G s  A B     compares average technical efficiencies within the two groups and measures the efficiency gap between both groups. On the other hand, the   T  G s  A B     component evaluates the productivity gap between the two production frontiers drawn by DMUs in A and B. Both components interpret the CDMI in the same way, with values greater than one indicating better efficiency or technology in group A than in group B. As we said above, if we replace A and B by t + 1 and t then Equation (2) is very similar to Equation (1).



The CDMI is appealing. Indeed, it has been very often applied throughout the literature to address empirical problems. For example, it has been used to compare the performance of airports from different continents [26], hospitals managed by different types of ownerships [27], different public and private universities [28], retail stores within homogenous groups of supermarkets and hypermarkets [29], or the quality of life in cities that gained and lost population [30], among others. However, the CDMI has a major drawback because it does not satisfy the circularity property for more than two groups. This means that with three groups of DMUs,   C D M  I t  A C   ≠ C D M  I t  A B   ⋅ C D M  I t  B C    .




2.2. Base-Group Indexes for Comparing Productivity and Performance Gaps


To overcome this problem with the CDMI, [17] introduced a new base-group Camanho–Dyson Malmquist index based on previous work by [31] who showed that a base-period Malmquist index fulfils the circular relation. This idea can be developed as follows. Suppose that we want to evaluate the performance of two groups of DMUs, A and B. We also observe a third group of DMUs belonging to a base or reference group R. The base-group Camanho–Dyson Malmquist index for comparing the difference in productivity between groups A and B in a single time period t with respect to a reference group R is defined as:


  C D M  I t  A B   ( R ) =      (    Π   j = 1  N   D R   (   x  j A   ,  y  j A    )   )    1 / N        (    Π   i = 1  M   D R   (   x  i B   ,  y  i B    )   )    1 / M     .  



(3)







This interpretation of   C D M  I t  A B   ( R )   is straightforward: a   C D M  I t  A B   ( R ) > 1   means that the average productivity of DMUs in group A is greater than the average productivity in group B. As in Equation (2), the   C D M  I t  A B   ( R )   can be decomposed into two subcomponents:


  C D M  I t  A B   ( R ) =         (    Π   i = 1  N   D A   (   x  j A   ,  y  j A    )   )    1 / N        (    Π   i = 1  M   D B   (   x  i B   ,  y  i B    )   )    1 / M      ︸   E  G t  A B     ⋅     [       (    Π   i = 1  N   D R   (   x  j A   ,  y  j A    )   )    1 / N        (    Π   i = 1  N   D A   (   x  j A   ,  y  j A    )   )    1 / N     ⋅      (    Π   i = 1  M   D B   (   x  i B   ,  y  i B    )   )    1 / M        (    Π   i = 1  M   D R   (   x  i B   ,  y  i B    )   )    1 / M      ]   ︸   T  G t  A B   ( R )   .  



(4)







While the first components on the right-hand side of Equations (2) and (4) measure the efficiency gap, the second terms compare the production technologies in A and B. However, the technology gap   T  G s  A B    (   R h   )    measured in Equation (4) satisfies the circularity property with more than two groups, as well as the   C D M  I t  A B   ( R )  .



In order to briefly illustrate   C D M  I t  A B   ( R )  , suppose that we have an output-oriented production set with two outputs and one input. Figure 1 shows three production frontiers defined as FF’, GG’, and HH’ for DMUs in groups A, B and the reference group R, respectively. Distances   A  R A    and   B  R B    represent the numerator and denominator in Equation (3), where the ratio is the productivity gap between both groups. The productivity gap can be defined by the distances between each group, its own frontiers, and the reference group frontier. The efficiency gap is represented in Figure 1 by the distances AA’ and BB’. Finally, the technology gap accounts for how far apart the two production frontiers of the groups under evaluation are on average. This distance is illustrated in Figure 1 as the product of distances   A ′  R A    and   B ′  R B   .



Based on these insights, [18] developed the base-group performance gap index   P G  I t  A B    ( R )    to analyze differences in the performance dimension, i.e., on the output side irrespective of the input quantities managed by DMUs. The calculus is similar to Equation (3). In this case, however, we replace the input vector by a single input equal to one for all DMUs.


  P G  I s  A B    (   R h   )  =      (    ∏   j = 1    n   A s       D   R h     (  1 ,    y j   A s     )   )    1 /  n   A s           (    ∏   i = 1    n   B s       D   R h     (  1 ,    y i   B s     )   )    1 /  n   B s         



(5)







Juan Aparicio, Sergio Perelman and Daniel Santín [18] demonstrate that   P G  I t  A B    ( R )    can be decomposed into two terms: the efectiveness gap    (  E f  G s  A B    )      and the outcome possibility set gap (  O P S  G s  A B    (   R h   )  )  .


    P G  I s  A B    (   R h   )  =          (    ∏   j = 1    n   A s       D   A s     (  1 ,    y j   A s     )   )    1 /  n   A s           (    ∏   i = 1    n   B s       D   B s     (  1 ,    y i   B s     )   )    1 /  n   B s         ︸    E f  G s  A B            ·      [        (    ∏   i = j    n   A s       D   R h     (  1 ,    y j   A s     )   )    1 /  n   A s           (    ∏   j = 1    n   A s       D   A s     (  1 ,    y j   A s     )   )    1 /  n   A s         ·       (    ∏   i = 1    n   B s       D   B s     (  1 ,    y i   B s     )   )    1 /  n   B s           (    ∏   i = 1    n   B s       D   R h     (  1 ,    y i   B s     )   )    1 /  n   B s          ]   ︸    O P S  G s  A B    (   R h   )      



(6)








2.3. Measuring Productivity and Performance Changes over Time through a DiD Framework


An appealing factor of this methodology based on measuring productivity differences among groups of DMUs in one period is that it can be easily adapted to incorporate a DiD analysis, using mean productivity and performance scores as dependent variables. The DiD approach estimates the impact of an intervention or policy change, the so-called treatment, by comparing the average outcomes of the treated and control groups both before and after the treatment.



Although this methodology is widely used in econometrics for evaluating educational reforms [32,33], some recent papers have proposed combining DiD with production frontiers to evaluate efficiency changes caused by different policies. For example, [34] employed a DiD specification to examine whether the certification had an impact on hospital efficiency in Germany. Likewise, [35] used a DiD analysis to evaluate the impact of merging the Swedish district courts on their technical efficiency. Finally, [36] combine DEA and DiD to evaluate the efficiency of energy reforms in 48 countries.



Therefore, the combination of frontier techniques and DiD is a natural extension for disentangling how school reforms or changes in the legal framework affect the productivity of the treated and control schools [16,37]. This is an expanding research line that, broadly speaking, combines the results of efficiency and productivity analysis with causal inference techniques for analyzing the impact of public policies. For a recent systematic review of this literature that introduces this issue, see [14].



In this paper, we combine the   C D M  I t  A B   ( R )   and the DiD to measure the impact of an intervention on productivity gaps as follows. In the simplest scenario, we have only two periods, the pre-intervention and the post-intervention periods, and two groups, the treated and the control groups. Let us change the notation slightly to replace A and B by T and C to denote the treated (T) and the control (C) school groups, while t and t + 1 are the periods before and after the treatment, respectively. In this case, we have two productivity gaps measured in two time periods, before and after the intervention. According to Equation (4),   C D M  I t  T C   ( R )   represents the first difference measured between the two evaluated groups of DMUs, T and C, before the intervention, while   C D M  I  t + 1   T C   ( R )   interprets the second difference between the two groups after the intervention. Based on these two components, the pseudo-panel Malmquist index proposed by [17] is, in this context, the DiD productivity gap index.


  P P M  I  t , t + 1   T C    ( R )  =   C D M  I  t + 1   T C    ( R )    C D M  I t  T C    ( R )    =   E  G  t + 1   T C     E  G t  T C     ⋅   T  G  t + 1   T C    ( R )    T  G t  T C    ( R )    = E G  C  t , t + 1   T C   ⋅ T G  C  t , t + 1   T C    ( R )  .  



(7)







Equation (7) measures how productivity differences and their components evolved over time, that is, before and after the intervention. In order to interpret the PPMI, it is necessary to analyze its value, but also the values of its components,   C D M  I  t + 1   T C   ( R )   and   C D M  I t  T C   ( R )  , as follows. If   C D M  I  t + 1   T C   ( R )   and   C D M  I t  T C   ( R )   are both greater (less) than one in both periods, a   P P M  I  t , t + 1   T C    ( R )  > 1   means that the treated group has improved its productivity with respect to the control group. For example, a   P P M  I  t , t + 1   T C    ( R )  = 1.10   means that the treated group is 10% relatively more productive than the control group. If   P P M  I  t , t + 1   T C    ( R )  < 1  , the productivity of the treated group dropped with respect to the control group, where   100 ⋅  (  1 − P P M  I  t , t + 1   T C    ( R )   )    indicates the percentage by which the relative performance of the treated group has declined.



When   C D M  I  t + 1   T C   ( R ) < 1   and   C D M  I t  T C   ( R ) > 1  , then   P P M  I  t , t + 1   T C    ( R )  < 1  , the performance of the control group improved with respect to the treated group. Finally, when   C D M  I  t + 1   T C   ( R ) > 1   and   C D M  I t  T C   ( R ) < 1  , then   P P M  I  t , t + 1   T C    ( R )  > 1  , the productivity of the treated group improved from period t to period t+1, and the value of the PPMI signals by how much the relative performance gap between the treated and the control group grew over time.



Finally, the performance gap index change,   P G I  C  t , t + 1   T C    ( R )  ,   introduced by [18] can be defined as follows:


  P G I  C  t , t + 1   T C    (   R h   )  =   P G  I  t + 1   T C    (   R h   )    P G  I t  T C    (   R h   )    =   E f  G  t + 1   T C     E f  G t  T C     ⋅   O P S  G  t + 1   T C    (   R h   )    O P S  G t  T C    (   R h   )    = E f G  C  t , t + 1   T C   ⋅ O P S G  C  t , t + 1   T C    (   R h   )  ,    



(8)




where the   P G I  C  t , t + 1   T C    ( R )   ; as well the effectiveness gap change,   E f G  C  t , t + 1   T C    ( R )   ; and the outcome possibility set gap change,   O P S G  C  t , t + 1   T C    (   R h   )   , are interpreted in the same way as the analogous terms in Equation (7), albeit taking into account only the output dimension in the calculus of the distances to the production frontier.



In summary, [16] initially suggested relating the DiD technique to a metafrontier framework. However, the PPMI and the PGIC, which are calculated using a reference technology, also correspond to DiD measures, adapted to the production frontier framework. Therefore, they constitute an alternative approach for evaluating educational programs. We consider that this approach has two main advantages. First, this technique facilitates the evaluation of programs developed at school level, simultaneously accounting for different inputs and outputs managed by schools. Second, the use of production frontiers in the analysis allows us to observe the total effect of the program and disentangle what part of the impact is due to changes in the technology or to the internal effectiveness/efficiency caused by the treatment.



This methodology takes us back to the original idea for evaluating public policies contained in [38], where the aim of using production frontiers is that “differences in decision making efficiency need to be allowed for since, evidently, a ‘good program’ may be ‘badly managed,’ and vice versa, so that one needs some way of identifying this possible source of contamination in arriving at a ‘program’ evaluation”.



In the following sections, we use this methodology to evaluate the performance and productivity differences caused by an educational program in Spain.





3. Research Design


3.1. One Laptop per Child (Escuela 2.0)


Escuela 2.0 was an ambitious program linked to Plan-E, a Keynesian public expenditure policy promoted by the Spanish socialist government led by Prime Minister José Luis Rodríguez Zapatero in 2009. The program was approved by the Spanish Royal Decree-Law 8/2009, June 12. According to the Spanish Government, the cost of this program was around 200 million euros for the first academic year (2009–2010). The program was co-funded by the central state and the regional governments that decided to participate. In round numbers, 200 million euros by three academic years mean a total cost of around 600 million euros. More details (in Spanish) officially published by the Government of Spain about the program can be found in https://www.lamoncloa.gob.es/Paginas/archivo/040409-enlace20.aspx (accessed on 15 September 2021) to reactivate the economy. It was the first educational policy in Spain to adopt the one laptop per child model [13]. According to [39], Escuela 2.0 constituted “a Spanish commitment aimed at facilitating, on a massive scale, access to ICT to all pupils and encouraging teachers to integrate them pedagogically into their classroom practice”. However, the change of government at the end of 2011, together with budget cuts due to the high public deficit during the global crisis, spelled the end of this program in 2012.



Initially, the program targeted fifth- and sixth-grade primary school students and was then to be extended to other grades, such as the first- and second-year secondary education pupils. The funded activities had four major goals: (1) transform fifth- and sixth-grade public primary school and first- and second-year public secondary school classrooms into digital classrooms; (2) provide fifth- and sixth-grade primary and first- and second-year secondary students with laptops for personal use according to a 1-to-1 ratio; (3) carry out teacher training actions to ensure the effective use of the resources included in the program, and (4) develop digital educational contents that teachers could use.



Escuela 2.0 was not deployed by all Spanish regions, the so-called Autonomous Communities, since the regional governments had the last say on whether to opt in or out of the program. As a result, we can consider that the program generated a quasi-experiment, where there was a set of treated schools and control schools. Spanish regions that did not implement the program were the Community of Madrid and the Valencian Community, mainly due to political differences with the central government.



At the beginning of Escuela 2.0 in the 2009–10 school year, no students tested in PISA 2009 had been treated. Therefore, we selected this year as our ‘before’ period. The next year available for analysis is the PISA 2012 wave. However, most non-repeating students, which account for the majority of the PISA 2012 sample, had not had the opportunity to participate in Escuela 2.0 by then. In contrast, non-repeaters tested in PISA 2015 had participated more actively in the program and for longer time period, as had repeaters. For this reason, we chose PISA 2015 as our ‘after’ period to evaluate the implementation of Escuela 2.0, as the students in this cohort had more intensive exposure to the program. A first rigorous evaluation of Escuela 2.0 using a DiD econometric approach with students in PISA 2012 exposed to the program, most of them repeaters, was conducted by [7]. In general terms, their results are coincident with the conclusions obtained in this paper with non-repeater students.



For the evaluation, we selected only those Spanish regions with an extended representative sample of their schools in PISA 2009 and PISA 2015. Of the regions that did not apply Escuela 2.0, the only one that meets this requirement is the Community of Madrid, which thus constitutes the control group for our analysis. In order to facilitate the discussion, we chose the Spanish regions that implemented Escuela 2.0 where we observed a significant increase in the provision of technological resources in public primary and secondary schools: Andalusia, Asturias, the Balearic Islands, Galicia, and the Basque Country.



In this sense, Figure 2 and Figure 3 show that, in contrast to the stagnation in Madrid, these regions experienced significant increases in the average number of computers used for teaching per student in both educational stages.




3.2. Data and Variables


As mentioned above, we use data collected by PISA for 2009 and 2015. PISA aims to assess the extent to which 15-year-old students have acquired the knowledge and skills needed to function in society [40]. This database also collects information on student socio-educational background and school resources from the responses to two questionnaires completed by students and principals. Our analysis is confined to public schools in the regions selected for the analysis. In this sense, we need to choose a group of DMUs as a reference technology to ensure circularity in the calculation of the base-group CDMI and PGI indices [18]. Although there is no fixed rule for selecting such a group, we, like the authors of the abovementioned paper, opted to choose a group of schools not included in the study, the public schools of Castile-La Mancha participating in PISA 2015. This region was not included in our analysis because it did not have an extended sample in PISA in 2009. Using a similar methodological approach with directional distance functions, Aparicio et al (2020) [18] show that the price for gaining circularity is paid with the base technology dependence. This means that although efficiency and effectiveness gaps coincide regardless the reference, measures of technology gap and the outcomes possibility sets gap would be slightly different depending on the reference. However, the robustness check made in this paper with two different references shows that correlations between the same measures vary between 0.9402 and 0.9883.



According to the literature, we selected two inputs and three outputs required for measuring school productivity. Regarding the choice of outputs, note that ICT implementation programs in the educational environment pursue two main objectives: computer literacy training and computer-assisted teaching of skills not necessarily related to technology [4,7]. For these reasons, we consider two types of outputs for the evaluation of Escuela 2.0: educational outcomes and computer use. For educational competencies, we use the average test scores of schools in mathematics and reading. Moreover, we also measure the possible impact of Escuela 2.0 on technological skills through the use of computers by students for school activities in the classroom and at home. To do so, we create a new variable based on student responses about the frequency with which they use computers for different tasks, which we call ‘computer use’. This variable is calculated at school level as the average values of 15 items related to students’ use of computers for school activities at school or home, such as the frequency of e-mail use, surfing the Internet for homework, doing homework on school computers, etc. The minimum value for frequency of use items is 1 (never or almost never), and the maximum is 4 (every day or almost every day).



Table 1 shows a general increase in the results for both academic subjects from 2009 to 2015, except in the case of the Basque Country, where reading scores decreased. Table 1 also highlights a general increase in average computer skills in all regions, including Madrid where, even in the absence of program implementation, there appears to have been a widespread increase in the use of computers.



As inputs we include the average family background, which is regarded as the raw material for producing education [41]. We proxy this variable with PARED, an index included in PISA for capturing the highest level of parental education, measured by the number of years of schooling according to the International Standard Classification of Education (ISCED) [42]. As education is a labor-intensive public production service, we approximate school resources using the teacher/student ratio (STRATIO), defined as the number of teachers per hundred students. The ratio is built as 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 and multiplied by 100. Table 2 summarizes the input variables.



On one hand, Table 2 shows how the average STRATIO values decrease from 2009 to 2015 in all the regions selected for the study. This generalized decrease is explained by the budget deficit caused by the global economic crisis over the period. The need to maintain a balanced budget led to the introduction of different reforms to limit public spending. Although cutbacks arrived in different ways, one of the educational policies that might have had a significant impact on figures in Table 2 was the Royal Decree-Law 14/2012 of 20 April on urgent measures to rationalize public spending in education approved in 2012. Basically, this law allowed to increase the maximum number of students by up to 20%. On the other hand, it should be noted that the PARED means increased in all regions, especially in the Community of Madrid (+5.92%) or Galicia (+6.84%). Table 3 summarizes the variables used in this paper.



In Section 4, we measure the potential impact of Escuela 2.0 based on the indexes explained in Section 2, using the inputs and outputs mentioned in Section 3 for their calculation. In this sense, we first estimate the performance gap index change (     P G I C      t ,   t + 1   T C    (   R h   )   ) and the pseudo-panel Malmquist index (     P P M I      t ,   t + 1   T C    (   R h   )   ) of the regions that implemented the program with respect to the control unit (Madrid) to evaluate the effects on performance and productivity, respectively. Likewise, we use the decomposition of the respective indexes to analyze whether the evolution of the differences in performance and productivity are due to changes in the technological frontier of the region’s schools (  O P S G C     t ,   t + 1   T C    (   R h   )    and   T G C       t ,   t + 1   T C    (   R h   )   ) or to the improvement/worsening of the internal effectiveness/efficiency of the group (  E f G C     t ,   t + 1   T C    (   R h   )    and   E G C     t ,   t + 1   T C    (   R h   )   ).





4. Results and Discussion


Using the methodology explained in Section 2, we seek to evaluate the evolution of productivity and performance gaps between regions that did and did not generally increase the use of ICT in the classroom thanks to Escuela 2.0.



4.1. Performance Gap and Decomposition


Table 4 and Table 5 show the results of the evolution of the performance of the schools in each region that applied Escuela 2.0 with respect to Madrid. Table 4 shows the differences in performance using the PGI between the treated and control regions, as well as its decomposition into EfG and technology frontier gap (OPSG) for the two considered waves, 2009 and 2015. Firstly, we found that in 2009, before the implementation of Escuela 2.0, there were regions whose schools operated with a slightly higher or lower performance than educational institutions in Madrid. While the performance of regions like Asturias (+2.6%) and the Basque Country (+3.3%) was higher, with a PGI above one, the performance of others, like the Balearic Islands (−2.2%) and Andalusia (−2.6%), was lower, with a PGI below one, while the average performance results in Galicia (+0.03%) were more or less equal to Madrid’s. However, it is noteworthy that schools in all regions operated with lower performance levels than the control unit in 2015, after the intervention, with PGIs ranging from 0.948 to 0.984. Scores are even below the figures for 2009, which indicates the potentially negative effects of the educational program.



Table 5 reports the PGIC used to compare the changes in the level of performance between schools in the regions that implemented Escuela 2.0 with respect to the control region of Madrid and infers the impact of the program. The PGICs are reported together with their respective decompositions into EfGC and OPSGC, which we use to disentangle how the program influenced performance. In general terms, a value lower than one in PGICs for all regions shows that Escuela 2.0 may reduce the performance levels of the regions where it was applied. The PGICs calculated show that the relative performance of schools dropped by 2.7% in Andalusia, 3.2% in Asturias, 1.9% in Galicia, and 6.4% in the Basque Country compared to Madrid, where the Balearic Islands was the only region with an index close to 1 (0.997).



Regarding the possible channels through which the program could modify the relative performance of the regions with respect to Madrid, there are two possible explanations: the OPSGC and the EfGC. Table 5 reports that all the regions register an OPSGC of less than 1, except the Balearic Islands, which registered a relative improvement in its outcome possibility set gap with respect to Madrid of 2.3%. In any case, we find that the main reason for the drop in performance was the relative decline in the regional production frontiers compared to Madrid. This decline was particularly significant in the Basque Country, where the outcome possibility set gap fell by 4.8%.



On the other hand, the results of the EfGC show that, except in Galicia, regions register an EfGC of less than 1, which would indicate a worsening of the effectiveness gap with respect to Madrid. In summary, the program’s poor performance is mainly reflected in regions like the Basque Country, Asturias, and Andalusia, where there is a joint negative evolution of both OPSGCs and EfGCs, which are the two possible channels whereby an intervention can have an impact on performance. Regarding the outputs only, Escuela 2.0 brings about a slight decline in school performance results of around 2% on average.




4.2. Productivity Gap and Decomposition


After analyzing the impact on school performance considering only the output dimension, we should look at the possible effects on productivity also taking into account the inputs used in the educational production process. As described in Section 3, we use the average socioeconomic level and the number of teachers per 100 students by school as inputs for the productivity calculations.



In this regard, Table 6 reports the productivity differences between the treated regions and Madrid using the base-group CDMI and its respective decomposition into EG and TG. Analogously to performance in 2009, there were regions with schools operating at both higher and lower levels of productivity than schools in Madrid. For example, the CDMIs show that schools in Andalusia (+13.2%) and Galicia (+2.2%) were more productive than Madrid, as opposed to Asturias (−2.3%) and the Basque Country (−5.8%), where CDMIs were less than 1, with productivity differences in the Balearic Islands (+0.03%) being negligible. However, all treated schools operated with a significantly lower productivity than educational institutions in the control unit in 2015, with CDMIs below 1 in all regions.



The PPMI is used as a DiD estimator to measure productivity changes that occurred before and after the program in order to infer the program’s effect. Table 7 reports PPMIs together with their respective decompositions into efficiency gap change (EGC) and technology gap change (TGC), which we use to study the channels whereby the program impacts productivity.



The PPMIs unequivocally reflect a sizeable decline in the productivity levels of all regions applying Escuela 2.0 compared to Madrid with all PPMIs less than 1. For example, the PPMIs reflect a double-digit decline of the relative productivity of 13.3% in Andalusia, 11.5% in Asturias, 11.0% in the Balearic Islands, 15.3% in Galicia, and 15.1% in the Basque Country compared to Madrid.



Regarding the potential channels whereby the program could change relative productivity, as with the performance, there are two possible explanations: the TGC and EGC. Firstly, the EGC ranges from 0.961 to 1.022, where the average is almost equal to 1. Secondly, all regional TGCs were less than 1. In almost all the cases, the TGCs are even lower than 0.9, which means that the educational production technology of schools in all regions dropped by more than 10%, and on average by 13.1%, with respect to Madrid. This indicates that the main reason for the fall in the relative productivity of the regions that applied Escuela 2.0 with respect to Madrid was the comparative contraction of their technological frontiers.



The program’s poor performance as inferred from the results of our analysis may be due to several factors. Firstly, it should be noted that Escuela 2.0 was very short-lived and might not have been fully implemented due to its premature cancellation as a result of the global financial crisis [43]. Therefore, this obstacle may have prevented the correct assimilation of ICT in the classroom and a real change in teachers’ teaching methods. Another factor that could explain the poor results is the possibility that the planning of Escuela 2.0 fell into what is known as “technological determinism or utopianism” by assuming that the mere provision of a large number of technologies would produce immediate improvements in teaching [44]. In this sense, its link with Plan-E may have meant that the program focused on laptop procurement, with less expenditure on promoting pedagogical innovation with this new technological equipment. In this regard, it is worth noting the work by [45] about the attitudes and practices of teachers in relation to Escuela 2.0. These authors found that, even if 62% of teachers supported this kind of policy, the majority of teachers (two thirds of the sample) did no integrate technologies or they did it in a wrong way.





5. Conclusions


This paper has shown the potential of combining causal inference techniques and production frontier analysis to evaluate educational programs. In this sense, this new approach may be helpful for evaluating the performance and productivity of schools that implement new programs, such as Escuela 2.0. The first advantage of this approach is to perform a joint analysis of interventions capable of modifying different outputs, in this case mathematics, reading, and computer use, while controlling inputs’ levels. Secondly, the analysis makes it possible to disentangle whether changes in performance and productivity are driven by variations in the treated regions’ internal efficiency/effectiveness or by the production technologies with respect to the control region (Madrid).



Regarding the possible effects of Escuela 2.0, the results described in Section 4 show that the program had a negative impact in terms of performance and productivity. Results point out that there was a slight simultaneous fall, by on average 2.9%, in the relative performance across all regions compared to Madrid. Based on this result, it can be inferred that school performance may have had a modest decrease in terms of both vehicular educational competencies and computer use due to Escuela 2.0, regardless of the input side.



However, the most striking result is that productivity dropped in double digits, 13.3% on average, in all regions that applied Escuela 2.0 with respect to Madrid. Most of this loss in school productivity is due to technology changes, implying that public schools in Madrid raised their production frontier compared with the treated regions.



As already mentioned, a generalized negative effect was observed across all the regions that implemented the program, and the sharpness of the decline depended on each case. The Basque Country was the region with the largest drop in performance and productivity of its public schools compared to Madrid, whereas decreases in other regions such as the Balearic Islands and Asturias were relatively smaller. For this reason, the institutional factors in each region, such as teachers’ conceptions and attitudes, should be taken into account, as they may influence the adoption of ICT-related pedagogical innovations.



Although our evaluation of Escuela 2.0 proves a potential negative impact in terms of performance and productivity, it is important also to remark on the main limitations of this research. Firstly, due to the short duration of the program and to the lack of a representative sample for Madrid previous to 2009, in our analysis we could only use two time periods: 2009 (before) and 2015 (after), to measure changes in productivity and performance in treated and control regions before and after the intervention. More pre-treatment observations for the control and treatment group were desirable to check the common trend assumption before the intervention. Secondly, Madrid constituted the control group for our analysis, so we must be aware of the potential distortions that this could provoke in our results since this region is characterized by its possibility of exploiting greater economies of scale and a less dispersed network of schools.



Regarding the limitations of our methodological approach, we must recall again the relevance of the reference choice. Selecting one group of DMUs or another as the reference technology ensures circularity in the calculation of the base-group CDMI and PGI indices. As we mentioned, there is no fixed rule for selecting such a group, and the indices calculated could change depending on the group of DMUs selected. The price for gaining circularity is paid with reference dependency. For this reason, the results of a research and its conclusions could vary depending on the selection criteria adopted to choose the reference group. In order to overcome the abovementioned limitation and to increase the robustness of the results, one promising research avenue is to calculate confidence intervals for base-group CDMI and PGI indices, using resampling methods such as the bootstrapping procedure.



Finally, based on the results of this study, we can suggest a series of recommendations when implementing educational programs such as Escuela 2.0. Firstly, the evidence obtained in this evaluation follows the line of previous studies that find a non-significant or even negative impact of the implementation of ICT programs in the classroom [3,4,7,11,12]. For this reason, although these programs are very popular among the population, policy makers should consider that their impact could be small compared to their opportunity cost in budgetary terms. Secondly, these programs should be implemented with a broad political and social consensus, as their premature cancellation can be an obstacle to their proper functioning, as in the case of Escuela 2.0 [43]. In addition, governments could avoid falling into “technological determinism or utopianism” by assuming that the mere provision of technological equipment is enough to foster students’ academic outcomes. Among other measures, this endowment should be complemented by educational policy actions that provide resources and training to those teachers holding a positive attitude towards educational technology and information about potential benefits of ICT to those who hold a negative one [45]. Moreover, we should put in a word, from the taxpayer’s viewpoint, for randomized controlled trials run to test the possible impact of an intervention before implementing generalized expensive public programs like Escuela 2.0.
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Figure 1. The base-group Camanho–Dyson Malmquist Index in a two-output one-input setting. 
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Figure 2. Average number of computers used for teaching per student in public primary schools in regions participating in Escuela 2.0 compared to Madrid. Source: Own elaboration based on data from the Spanish Ministry of Education. 
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Figure 3. Evolution of the average number of computers used for teaching per student in public secondary schools in regions participating in Escuela 2.0 compared to Madrid. Source: Own elaboration based on data from the Spanish Ministry of Education. 
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Table 1. School sample and average PISA scores in mathematics, reading, and computer skills by year and region.
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Mathematics

	
Reading

	
Computer Use




	
Region

	
Year

	
N

	
Mean

	
Std. Dev.

	
Mean

	
Std. Dev.

	
Mean

	
Std. Dev.






	
Andalusia

	
2009

	
37

	
458.11

	
35.83

	
453.45

	
37.50

	
1.78

	
0.22




	
2015

	
39

	
467.08

	
19.81

	
478.06

	
22.95

	
1.81

	
0.16




	
Asturias

	
2009

	
33

	
483.31

	
30.06

	
476.55

	
33.41

	
1.78

	
0.13




	
2015

	
32

	
485.37

	
20.68

	
490.84

	
21.34

	
1.93

	
0.19




	
Balearic Islands

	
2009

	
31

	
457.52

	
35.94

	
450.03

	
33.08

	
1.85

	
0.12




	
2015

	
29

	
469.96

	
21.66

	
475.64

	
19.71

	
2.05

	
0.21




	
Galicia

	
2009

	
37

	
482.79

	
32.92

	
478.67

	
33.73

	
1.58

	
0.13




	
2015

	
41

	
490.97

	
22.14

	
504.38

	
26.64

	
1.76

	
0.15




	
Madrid

	
2009

	
27

	
477.55

	
35.31

	
484.59

	
37.74

	
1.62

	
0.14




	
2015

	
26

	
493.85

	
24.19

	
510.75

	
27.58

	
1.85

	
0.19




	
Basque Country

	
2009

	
73

	
493.64

	
51.19

	
476.14

	
42.37

	
1.71

	
0.16




	
2015

	
49

	
474.55

	
31.72

	
476.50

	
27.52

	
1.88

	
0.27




	
Castile-La Mancha *

	
2009

	
-

	
-

	
-

	
-

	
-

	
-

	
-




	
2015

	
43

	
479.85

	
26.39

	
493.20

	
28.67

	
1.84

	
0.24








Source: Own elaboration. * Reference region for the analysis.
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Table 2. Mean and standard deviation of STRATIO and PARED inputs in public schools by year and region.






Table 2. Mean and standard deviation of STRATIO and PARED inputs in public schools by year and region.





	

	

	
STRATIO

	
PARED




	
Region

	
Year

	
Mean

	
Std. Dev.

	
Mean

	
Std. Dev.






	
Andalusia

	
2009

	
9.70

	
1.62

	
10.50

	
1.45




	
2015

	
9.04

	
2.19

	
10.77

	
1.44




	
Asturias

	
2009

	
13.85

	
2.62

	
12.20

	
1.23




	
2015

	
10.86

	
1.95

	
12.52

	
1.23




	
Balearic Islands

	
2009

	
13.56

	
1.94

	
11.42

	
1.22




	
2015

	
10.55

	
1.51

	
12.04

	
0.98




	
Galicia

	
2009

	
13.52

	
2.71

	
11.41

	
1.58




	
2015

	
11.81

	
2.95

	
12.19

	
1.36




	
Madrid

	
2009

	
10.47

	
1.32

	
11.99

	
1.35




	
2015

	
7.52

	
1.36

	
12.70

	
1.69




	
Basque Country

	
2009

	
15.27

	
2.91

	
12.81

	
1.52




	
2015

	
12.93

	
1.54

	
12.83

	
1.71




	
Castile-La-Mancha *

	
2009

	
-

	
-

	
-

	
-




	

	
2015

	
8.41

	
2.09

	
11.07

	
1.50








Source: Own elaboration. * Reference region for the analysis.
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Table 3. Inputs and outputs from PISA included in the analysis. Student average at school level.






Table 3. Inputs and outputs from PISA included in the analysis. Student average at school level.









	Variable
	Description





	Outputs
	



	MATHS
	Test score in mathematics



	READING
	Test score in reading



	COMPUTER USE
	Use of the computer for school-related activities



	Inputs
	



	PARED
	Students’ highest parental education level expressed as years of schooling



	STRATIO
	Number of teachers per hundred students







Source: Authors’ own elaboration.
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Table 4. PGI scores and decomposition.






Table 4. PGI scores and decomposition.





	

	
2009

	
2015




	
Region *

	
PGI

	
EfG

	
OPSG

	
PGI

	
EfG

	
OPSG






	
Andalusia

	
0.974

	
1.002

	
0.972

	
0.948

	
0.999

	
0.948




	
Asturias

	
1.015

	
1.030

	
0.986

	
0.983

	
1.023

	
0.961




	
Balearic Islands

	
0.978

	
1.025

	
0.954

	
0.975

	
1.000

	
0.976




	
Galicia

	
1.003

	
1.014

	
0.989

	
0.984

	
1.020

	
0.965




	
Basque Country

	
1.033

	
1.013

	
1.019

	
0.966

	
0.996

	
0.970








Source: Own elaboration. * Distances are calculated with respect to Madrid. PGI (performance gap index), EfG (effectiveness gap) and OPSG (outcome possibility set gap).
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Table 5. PGIC and its decomposition into effectiveness gap change and outcome possibility gap change over the period 2009–2015.
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2009–2015




	
Region *

	
PGIC

	
EfGC

	
OPSGC






	
Andalusia

	
0.973

	
0.997

	
0.975




	
Asturias

	
0.968

	
0.993

	
0.975




	
Balearic Islands

	
0.997

	
0.975

	
1.023




	
Galicia

	
0.981

	
1.005

	
0.976




	
Basque Country

	
0.936

	
0.983

	
0.952




	
Average 2009–2015

	
0.971

	
0.991

	
0.980








Source: Own elaboration. * Distances are calculated with respect to Madrid. PGIC (performance gap index change), EfGC (effectiveness gap change) and OPSGC (outcome possibility set gap change).
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Table 6. Base-group CDMI productivity scores and decomposition.






Table 6. Base-group CDMI productivity scores and decomposition.





	

	
2009

	
2015




	
Region *

	
CDMI

	
EG

	
TG

	
CDMI

	
EG

	
TG






	
Andalusia

	
1.132

	
0.976

	
1.159

	
0.981

	
0.939

	
1.046




	
Asturias

	
0.977

	
0.948

	
1.030

	
0.864

	
0.966

	
0.894




	
Balearic Islands

	
1.003

	
0.987

	
1.017

	
0.893

	
1.009

	
0.885




	
Galicia

	
1.022

	
0.962

	
1.063

	
0.866

	
0.959

	
0.904




	
Basque Country

	
0.942

	
0.968

	
0.974

	
0.800

	
0.958

	
0.835








Source: Own elaboration. * Distances are calculated with respect to Madrid. CDMI (base-group Camanho–Dyson Malmquist index), EG (efficiency gap) and TG (technology gap).
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Table 7. Pseudo-panel Malmquist index for productivity and its decomposition.






Table 7. Pseudo-panel Malmquist index for productivity and its decomposition.





	

	
2009–2015




	
Region *

	
PPMI

	
EGC

	
TGC






	
Andalusia

	
0.867

	
0.961

	
0.902




	
Asturias

	
0.885

	
1.020

	
0.868




	
Balearic Islands

	
0.890

	
1.022

	
0.871




	
Galicia

	
0.847

	
0.996

	
0.850




	
Basque Country

	
0.849

	
0.990

	
0.857




	
Average 2009–2015

	
0.867

	
0.998

	
0.869








Source: Own elaboration. * Distances are calculated with respect to Madrid. PPMI (pseudo-panel Malmquist index for productivity), EGC (efficiency gap change) and TGC (technology gap change).
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