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a b s t r a c t 

This paper proposes an innovative approach to evaluate the causal impact of a policy change in a multi- 

input multi-output setting. It combines insights from econometric impact evaluation techniques and ef- 

ficiency analysis. In particular, the current paper accounts for endogeneity issues by introducing a quasi- 

experimental setting within a conditional multi-input multi-output efficiency framework and by decom- 

posing the overall efficiency between ‘group-specific’ efficiency (i.e., reflecting internal managerial ineffi- 

ciency) and ‘program’ efficiency (i.e., explaining the impact of the policy intervention on performance). 

This framework allows the researcher to interpret the efficiency scores in terms of causality. The practical 

usefulness of the methodology is demonstrated through an application to secondary schools in Flan- 

ders, Belgium. By exploiting an exogenous threshold, the paper examines whether additional resources 

for disadvantaged students impact the efficiency of schools. The empirical results indicate that additional 

resources do not causally influence efficiency around the threshold. 

© 2020 Elsevier B.V. All rights reserved. 
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. Introduction 

There has been increasing pressure for evidence-based inter-

entions to channel budgetary resources in the most appropriate

ay towards well-defined priorities ( OECD, 2017b ). This puts forth

he intricate nature of either ‘effectiveness’ or ‘efficiency’ of in-

erventions. Effectiveness assesses whether the policy has reached

ts pursued goal, whereas efficiency examines whether it has been

one by using the minimum amount of resources or producing
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n London, EURO 2019 in London, XXVIII Meeting of AEDE in Las Palmas, Ana Ca- 

anho, Chris O’Donnell, Jonas Månsson, Maria C. A. Silva, Tommaso Agasisti, Jill 

ohnes, Geraint Johnes, Dániel Horn, Kristiaan Kerstens, Antonio Peyrache, Jaap Bos, 

aniel Santín, Gabriela Sicilia, Fritz Schiltz, Vítezslav Titl, Steven Groenez, Melissa 

uytens, Ides Nicaise, Thomas Wouters, Jolien De Norre, Nele Havermans, the ‘SONO 

pvolgingsgroep’ and three anonymous referees for their useful comments and in- 
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377-2217/© 2020 Elsevier B.V. All rights reserved. 
he maximum amount of outputs. However, the occurrence of

ndogeneity might stall the attempts of the researcher in the

omain of policy evaluation to go beyond correlational evidence.

ndogeneity might arise from ‘omitted variables’ that influence the

utcomes under consideration and are correlated with other in-

ependent variables, from ‘self-selection’ into the treatment, from

on-random ‘measurement errors’, or from ‘reverse causality’,

hich refers to a two-way relationship capable of generating

 self-reinforcing mechanism in the allocation of the resources

nd/or in the outcome that can be observed. The econometric im-

act (or program) evaluation literature has proposed consolidated

olicy evaluation techniques to address endogeneity issues, such as

egression Discontinuity Design (RDD), Difference-in-Differences

DiD) or Instrumental Variables (IV) ( Abadie & Cattaneo, 2018;

ngrist & Pischke, 2009 ). By contrast, the efficiency literature has

ust recently started addressing the endogeneity problem in the

rontier estimation. The use of state-of-the-art techniques, such

s the robust and the conditional analysis in the nonparametric

ormulation ( Simar, Vanhems, & Van Keilegom, 2016 ) or advanced

ools in the parametric formulation ( Amsler, Prokhorov, & Schmidt,

016 ), might mitigate measurement errors in the frontier esti-

ation, however, they still do not address the other endogeneity

ssues. Due to this, there is an emerging literature that caters its

ttention towards endogeneity in efficiency, from both a theoreti-

al perspective and empirical application by using tools proposed

https://doi.org/10.1016/j.ejor.2020.08.042
http://www.ScienceDirect.com
http://www.elsevier.com/locate/ejor
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ejor.2020.08.042&domain=pdf
mailto:giovanna.dinverno@kuleuven.be
mailto:mike.smet@kuleuven.be
mailto:kristof.dewitte@kuleuven.be
https://doi.org/10.1016/j.ejor.2020.08.042
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by the impact evaluation literature (for a comprehensive review,

Santín & Sicilia, 2017b ). This paper contributes to this emerging

literature by providing a framework to overcome these endogene-

ity issues and by evaluating the causal impact of a policy change

on efficiency. 

In this study, we propose an innovative procedure to capture

the causal impact of a policy intervention on efficiency, whenever

the treatment status depends on an exogenously set threshold.

We combine insights from a regression discontinuity approach

with insights from metafrontier and conditional efficiency mea-

surement, integrating two streams of literature. For the efficiency

literature, the suggested approach builds on the seminal paper

conducted by Charnes, Cooper, and Rhodes (1981) that distin-

guished management practices from program effects; however, we

move beyond correlational evidence to a causal interpretation of

the findings. For the impact evaluation literature, the followed ap-

proach is innovative as it allows impact evaluation in a multi-input

and multi-output setting, and successfully grasps synergies in the

input/output mix, rather than considering one output at the time.

Moreover, we can not only investigate whether a policy has an

impact on the outcome, but we can also explore the mechanisms

leading to the observed outcome. For example, we can analyze

how the resources allocated for the policy intervention have been

used, regardless of whether it is effective or, if not, even explaining

why. 

The suggested approach can be implemented to evaluate the

impact of a policy from a performance perspective and can also

be adapted to different frontier model specifications and field of

applications. 1 Additionally, it can be seen as a complementary tool

to the effectiveness analysis. In this regard, it might be a proce-

dure to detect why a policy might be or not effective: for exam ple,

a policy might not lead to the expected outcomes and thus inef-

fective, because of the mismanagement of the resources and thus

inefficient. 

To show the practical usefulness of the proposed procedure, we

examine the efficiency effects of a large-scale (both in number of

students and in funds) ‘Equal Educational Opportunity (EEO) pro-

gram’ in Flanders, Belgium. Particularly, we evaluate the impact

of additional funding provided to schools which pass an exoge-

nously determined percentage of disadvantaged students. Similar

programs are popular in many countries as socio-economic sta-

tus has been widely recognized as one of the most important as-

pects that impact educational outcomes ( Dahl & Lochner, 2012 )

and labor market outcomes ( Grenet, 2013; Pischke & von Wachter,

2008; Stephens & Yang, 2014 ). Moreover, governmental authorities

have encouraged various programs and policies to inhibit the im-

pact of socio-economic factors onto the pedagogical achievements

( Gibbons, McNally, & Viarengo, 2018 ), such as voucher programs

( Muralidharan & Sundararaman, 2015 ), class size reduction ( Duflo,

Dupas, & Kremer, 2015 ) and additional funding ( Leuven, Lindahl,

Oosterbeek, & Webbink, 2007 ). 

This paper is the first to provide causal evidence on the ef-

ficiency implications of providing additional funding to schools.

There might be an impact on efficiency as the additional funding

might result in a different educational production function for

the schools ( Hanushek, 1979; Levin, 1974 ). Thus, schools with

additional funding can generate more outputs with the provided

resources. With reference to the debate about the efficiency

and effectiveness of school resources on educational outcomes,

unsolved endogeneity problems might lead to biased results and

explain the ambiguous findings of the literature ( Jackson, Johnson,

& Persico, 2016 ). First, endogeneity might arise from the vari-

ous sources mentioned above while estimating the educational
1 To stimulate further applications, the code is available upon request. 
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t  
roduction function ( Cazals, Fève, Florens, & Simar, 2016; Cordero,

antín, & Sicilia, 2015; Mayston, 2003; Santín & Sicilia, 2017a;

018; Simar et al., 2016 ). Second, this might also occur when

xtending the focus of the efficiency in education studies from the

verall production frontier estimation to the program efficiency

valuation. Since the seminal paper by Charnes et al. (1981) ,

arious researchers and scholars intended to disentangle program

fficiency from the managerial one, in the attempt to disentangle

 component attributable to the context or the program under

hich a school operates from a component related to its internal

anagerial characteristics. Such decomposition aids in differen-

iating evidence of good school managerial practices from a bad

ne or evidence of good programs from a bad school manage-

ent. However, the endogeneity might arise in this framework as

ell, leading to biased program/managerial efficiency estimates

nd preventing from causal interpretation of the findings. In the

mpirical application of the current study, we tackle endogeneity

ssues both for the education production function estimation and

n the decomposition between managerial and program efficiency

y using the procedure proposed in this paper. 

This paper contributes to four main strands of literature. First,

t contributes to the emerging operational research literature deal-

ng with endogeneity issues in non-parametric frontier estimation

 Cazals et al., 2016; Cordero et al., 2015; Simar et al., 2016 ). Sec-

nd, it adds to the literature pertaining to the impact evaluation

n efficiency by providing a causal interpretation of the findings.

hird, it contributes to the literature bridging the gap between ef-

ectiveness and efficiency, by combining regression discontinuity

ogether with conditional metafrontier approach in the efficiency

ramework. The proposed approach brings closer the idea of pol-

cy impact evaluation to the concept of efficiency, being a comple-

entary tool for policy evaluation. For example, if it is true that

n effective policy can be inefficient, an inefficient policy can be

he reason why a policy might be not effective. Fourth, from an

mpirical perspective, the current study contributes to the eco-

omics of education literature by providing new impact evaluation

vidence on an ‘Equal Educational Opportunity (EEO) program’. As

any countries are struggling with similar equal educational op-

ortunities challenges, the empirical findings are relevant beyond

he specific Flemish context. 

The remainder of this paper is organized as follows.

ection 2 explains the suggested approach to handle endogeneity

ssues in efficiency impact evaluation. Section 3 shows the em-

irical application to an education context. Section 4 presents

he steps and their relative implementation together with

he empirical findings for secondary education. To conclude,

ection 5 presents a critical discussion of the main methodological

spects and outlines the ways to move forward along the path

raced by this paper. 

. Methodology 

To assimilate the causal impact of a policy intervention on ef-

ciency, we proceed in three steps. First, to tackle endogeneity in

he production frontier, we focus on the treated and control group

round an exogenous cutoff. Second, we disentangle the overall ef-

ciency into a managerial and a program component. Because of

he quasi-experimental setting defined in the first step, we can

ive causal interpretation to the estimates obtained in this second

tep. Third, we explore the role of the environmental variables to

nravel potential mechanisms. 

.1. Step 1. Tackling the endogeneity issue in frontier estimation: a 

egression Discontinuity Design approach 

The literature pertaining to the econometric impact evalua-

ion has developed and consolidated a range of techniques that
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a  

t  
ddress endogeneity issues, such as Regression Discontinuity De-

ign (RDD), Difference-in-Differences (DiD) and Instrumental Vari-

bles (IV) ( Abadie & Cattaneo, 2018; Angrist & Pischke, 2009 ).

hese techniques are capable of estimating the causal effect of the

olicy intervention by comparing a group of treated observations

ith those of the untreated ones, which have similar characteris-

ics. The latter group is meant to represent what would have hap-

ened if the treated units had not received the treatment, namely

he counterfactual, isolating in this way the impact of the interven-

ion ( Schlotter, Schwerdt, & Woessmann, 2011 ). 

The proposed approach deals with a policy intervention where

he treatment is assigned to observations based on whether a spe-

ific covariate c , the “assignment variable”, falls below or above a

ertain cutoff value c 0 : this is the quasi-experimental setting han-

led in the regression discontinuity design ( Cattaneo, Frandsen, &

itiunik, 2015; Lee & Lemieux, 2010 ). Following the RDD standard

otation: 

 i = 

{
1 i f c i ≥ c 0 
0 i f c i < c 0 

(2.1) 

here D i denotes the treatment status of unit i and it is a deter-

inistic and discontinuous function of c i ( Angrist & Pischke, 2009 ):

hen D i = 1 , the unit is subject to the policy intervention and

ence it is assigned to the treated group, otherwise to the control

roup. 2 

If the units have no precise control over the assignment vari-

ble, “there is a striking consequence: the variation in the treat-

ent in a neighborhood of the threshold is ‘as good as random-

zed’ ” (Lee & Lemieux, 2010, p.293). Therefore, the treated and the

ntreated units are comparable, thus, the observations right below

he cutoff can be perceived as a valid counterfactual for those that

re right above the cutoff. Due to this reason, we might want to

xclude the influence of observations far from the threshold and

hus focus on more similar units. Following the insights of the

onparametric regression discontinuity design, the attention is re-

tricted over a narrow window of observations. The choice of the

idth of the window is a crucial step and in the RDD literature

t is mentioned as the problem of bandwidth selection ( Calonico,

attaneo, & Titiunik, 2014b; Imbens & Kalyanaraman, 2012 ). The

andwidth should be neither too small nor too big. If the band-

idth were too small, there would be handful of observations to

equire meaningful estimates; whereas, if the bandwidth were too

ig, there would be too many observations, bringing into the anal-

sis heterogeneity and confounding factors. For the choice of the

ptimal bandwidth h , we follow the idea behind the nonparamet-

ic local linear regression method and specifically adopt the robust

ata-driven bandwidth selection procedure proposed by Calonico

t al. (2014b) . Consequently, we restrict the full sample by con-

idering only observations with c i ∈ [ c 0 − h, c 0 + h ] , that is within

 distance from the cutoff and hence the name h% discontinuity

ample ( Angrist & Lavy, 1999; Leuven et al., 2007 ). The units with

 i ∈ [ c 0 − h, c 0 ) constitute to the control group, while the units

ith c i ∈ [ c 0 , c 0 + h ] the treated group. In the practical implemen-

ation, the selection procedure requires the output variable and the

ssignment variable (also referred to as “running” variable or “forc-

ng” variable in the RDD literature). Given the multi-input multi-

utput framework of the production frontier estimation and to

andle the variability on the output side, for the current study,
2 Specifically, the proposed approach follows the idea behind the sharp RDD 

presence of perfect compliance) and accordingly the estimates measure average 

reatment effects. However, further research should extend the approach to a fuzzy 

DD framework (presence of imperfect compliance, i.e. units might not receive the 

reatment even if they are eligible for it) and interpret accordingly the estimates 

s local average treatment effects. Moreover, it is straightforward to see that the 

reatment status as introduced in formula (2.1) might work also in the other way 

round, that is D i = 1 if c i ≤ c 0 and D i = 0 otherwise. 

f  

o  

a  

t  

t

o

he researchers obtain as many ideal bandwidths as the number

f outputs that can be considered for the efficiency analysis, vary-

ng between a lower and upper bound. In the spirit of local linear

egression methods, having a range of optimal bandwidths (differ-

ntly from the RDD applications where one outcome at the time is

onsidered) is not a matter of concern, but rather a tool to check

he robustness of the causal estimates ( Lee & Lemieux, 2010 ). 

To support the internal validity of the RDD setting, there are

everal conditions that must be focused ( Lee & Lemieux, 2010 ).

irst and foremost, it is fundamental to check the hypothesis of no

recise control over the assignment variable, as units might have

ncentive in manipulating it to benefit of the policy intervention. In

he RDD literature the way to rule out sorting around the thresh-

ld is mainly twofold. First, baseline covariates should be similar

n treated and control groups and have the same distribution so to

upport randomization around the cutoff. Second, a more formal

est is suggested to check the continuity of the assignment variable

ensity function ( McCrary, 2008 ). In addition to no manipulation,

t is necessary to have a clear discontinuous jump in the probabil-

ty of treatment at the cutoff point. If these conditions are met and

he h% discontinuity sample with treated and control units is con-

tructed, it is possible to proceed further with the second proposed

tep in the study. 

.2. Step 2. Decomposing the overall efficiency: a conditional 

etafrontier approach 

Once the endogeneity issue has been solved by focusing on ob-

ervations just right below and above the cutoff, we can proceed to

he second step. In the second step, the performance evaluation of

he units under analysis in a multi-input multi-output framework

nd its decomposition into a managerial and a program component

re emphasized upon. 

For explanatory purposes, let’s start by considering a gen-

ral production function that converts a vector of inputs x =
(x 1 , . . . , x k ) ∈ R 

K+ into a vector of outputs y = (y 1 , . . . , y l ) ∈ R 

L + 

nd that can be presented in the following standard formulation

 Afriat, 1972 ): 

 = f (x ) (2.2) 

here f(.) is the technology that determines the output production

ogether with the inputs. Following O’Donnell (2016) , a technology

an be defined as “a technique, method or system for transforming

nputs into outputs [...] it is convenient to think of a technology as

 book of instructions, or recipe”. The set containing all the fea-

ible input-output combinations for a given technology is labelled

production possibility set”. In line with the axiomatic approach

o production theory, it is common to assume certain axioms or

roperties concerning the technology, including no free lunch, free

isposability of inputs and outputs and closedness. 3 However, this

eneral production function implicitly neglects potential inefficien-

ies in the production process ( Santín & Sicilia, 2017b ). Therefore,

e can add an efficiency component u : 

 = f (x ) · u (2.3)

Specifically, u = 1 suggests that the inputs are efficiently man-

ged producing the maximum achievable output given the existing

echnology. If u ∈ (0, 1), the decision making unit (DMU) is not

ully exploiting its capacity and, therefore, the observed level

f outputs is determined not only by the used inputs and the

vailable technology, but also by the level of mismanagement u . In

he production frontier approach, the basic idea is to represent the
3 For a more formal discussion on the axiomatic framework, we refer for example 

o Shepard (1970) and Kerstens, O’Donnell, and Van de Woestyne (2019) , among 

thers. 
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5 “Covariates”, “environmental variables”, “contextual variables” are used inter- 

changeably throughout this paper. The first term is mostly used in the impact eval- 

uation literature, while the other two in the efficiency one. 
6 In the efficiency literature alternative interpretations of the “environmental 

variables” can be found. For example, Bartelsman and Doms (20 0 0) define “fac- 

tors behind the patterns” the forces that can influence the production processes. 

O’Donnell, Fallah-Fini, and Triantis (2017) distinguish between the characteristics of 

the production environment defined as variables that are physically involved in the 

production process and the characteristics of the market or institutional environ- 

ment. More examples are in Daraio and Simar (2007a) . In the current approach, 
relationship between inputs and outputs by encompassing all the

observations under analysis. Referring to the production possibility

set introduced above, its boundary represents the frontier. The

“best practice” DMUs constitute the efficiency frontier and enve-

lope all the other DMUs under analysis. Accordingly, the farther

from the efficiency frontier, the more inefficient is the unit in the

process of transforming inputs into outputs. 

Looking at Eq. (2.3) , an increase in the outputs can be obtained

by a change in inputs ( x ), technology ( f (.)) or efficiency ( u ). How-

ever, there might be spillover effects from one component to an-

other one, which makes the idea of isolating one effect at a time a

little puzzling. Furthermore, we do not know a priori the direction

of the treatment impact on the production activity of the treated

units. For example, on one hand, an increase in the inputs might

result in scale economies and let the units achieve some targets

otherwise not feasible (therefore producing spillover effects on the

production technology or on the internal management efficiency).

On the other hand, additional resources might lead to a ‘wealth

effect’, i.e. a significant amount of resources would be liable to

be misused which can be observed in the general public spend-

ing framework ( Cherchye, De Witte, & Perelman, 2019; D’Inverno,

Carosi, & Ravagli, 2018 ). In a multidimensional framework, more

inputs might have an impact on one output, but not on others. 

The efficiency literature dealing with impact evaluation pro-

poses different approaches to evaluate group performance. Since

the seminal papers by Charnes et al. (1981) , Grosskopf and Vald-

manis (1987) , Månsson (1996) , researchers have tried to disentan-

gle program efficiency from the managerial one, in the attempt to

distinguish a component attributable to the context or the program

under which the DMU operates from a component related to its in-

ternal managerial characteristics ( Aparicio, Crespo-Cebada, Pedraja-

Chaparro, & Santín, 2017; Aparicio & Santín, 2018; Camanho &

Dyson, 2006; Johnson & Ruggiero, 2014 ). In the procedure we pro-

pose, we adapt the concept of the non-parametric metafrontier ap-

proach developed by Battese and Rao (2002) , Battese, Rao, and

O’Donnell (2004) , and formalized by O’Donnell, Rao, and Battese

(2008) . 4 

Specifically, we consider the treated and the control group de-

termined in step 1 by restricting the focus on units right above

and below the exogenous cutoff. We measure the efficiency of

each unit i belonging to one of the two groups by estimating a

group-specific local production frontier ( T E D i ), where D ∈ { 0 , 1 } =
{ Control, T reated } . Additionally, we measure the efficiency of each

unit i belonging to the h % discontinuity sample (i.e., where both

treated and control units are present) by estimating an overall pro-

duction frontier ( T E ∗i ). The program efficiency is computed for each

unit i as follows: 

P rogram efficiency 
D 
i = 

T E ∗i 
T E D i 

= 

O v erall efficiency i 

Managerial efficiency 
D 
i 

(2.4)

where D ∈ { 0 , 1 } = { Control, T reated} . The distance of a DMU from

its (group-specific) local frontier measures the ‘ managerial effi-

ciency’, which signified the level of efficiency in terms of internal

management. The distance between the local and the overall fron-

tier captures the ‘ program efficiency’, which emphasizes the level

of efficiency linked to the fact that the units belongs or not to the

treated group. Accordingly, it can be interpreted as the causal ef-

fect of the policy intervention on efficiency. In this way, we are

successful in distinguishing the extent to which the overall perfor-

mance of a DMU is due to its own internal managerial efficiency

and to the policy impact. 

As for the frontier estimation of the production process, we

rely on a nonparametric formulation. Specifically, the current study
4 For a comprehensive overview, we refer the interested reader to Kerstens et al. 

(2019) . 

w

a

onsiders the conditional version of the robust Free Disposal Hull

FDH) model also known as conditional order-m ( Cazals, Florens,

 Simar, 2002; Daraio & Simar, 2005; Deprins, Simar, & Tulkens,

984 ) for a number of reasons. First of all, being fully nonparamet-

ic, it avoids imposing any specific parametric assumption, which

s preferable, as we do not a priori observe the exact relationship

etween inputs and outputs. This avoids specification biases and

emains consistent with the nonparametric approach proposed in

he previous step for the Regression Discontinuity Design. Second,

t reduces the impact of atypical observations (outliers or mea-

urement errors). Instead of the full frontier obtained enveloping

ll the observations, we construct a partial frontier focusing on a

ubsample of m DMUs randomly drawn from the full sample of

 observations. In this way, the influence of outlying or extreme

bservations can be mitigated and the estimates are more robust

ompared to those obtained with the standard FDH methodology.

hird, it allows for multiple inputs and outputs simultaneously:

here is no need for restrictive choice in inputs and outputs as re-

uired in other model specifications. Fourth, it does not assume

ny convexity, which otherwise might lead to unfeasible input-

utput combinations. Fifth, it has interesting asymptotical prop-

rties and tests ( Kneip, Simar, & Wilson, 2015; 2016 ). Finally, the

onditional approach is well suited to mimic the RDD approach by

ncluding the assignment variable as an environmental variable in

he model estimation, as well as the other covariates as we will

iscuss in the next step. 5 

More formally, following Daraio and Simar (2007a) , the input-

riented conditional order-m efficiency estimator ( ̂  θ s 
m,n ) for an ob-

ervation i is defined in its probability formulation as follows: 

̂ 

s 
m,n (x, y | c) = 

∫ ∞ 

0 

(1 − ˆ F X| Y,c,n (ux | y, c)) m du (2.5)

here s = { Control, T reated, O v erall h % discont inuit y sample } , n is
he size of the sample from which m < n units are drawn, x the

nputs, y the outputs and c the assignment variable. The obtained

fficiency score per unit reflects the extent to which the unit suc-

eeds in converting its multiple inputs into multiple outputs. Due

o the subsampling, there might arise ‘super-efficient’ observations,

s the evaluated observation is not necessarily part of the refer-

nce set. ( Daraio & Simar, 2007a ). A nonparametric kernel function

nd a bandwidth parameter b have to be selected using smoothing

echniques to handle the assignment variable in the estimation. 

.3. Step 3. Including the environmental variables 

Environmental variables, beyond the control of the observa-

ions’ management, affect not only the distribution of the effi-

iency scores, but also their attainable sets ( Cazals et al., 2002;

araio & Simar, 20 05; 20 07b; De Witte & Kortelainen, 2013 ). 6 If

he presence of the environmental factors is significant, the de-

omposition of the overall efficiency scores on step 2 loses its

elevance. From this perspective, controlling for environmental
e consider the environmental variables in their broadest sense, namely variables 

which are not under the control of the managers and that affect both the attain- 

ble set and the distribution of the efficiency scores, without making any a priori 

distinction of the variables at hand. 
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7 For a comprehensive overview of the different levels of analysis, the main in- 

puts/outputs/contextual variables and the methodological approaches considered in 

the efficiency in education literature, we refer to the recent reviews by De Witte 

and López-Torres (2017) ; Johnes, Johnes, Agasisti, and López-Torres (2017a) ; Johnes 

(2015) ; Johnes, Portela, and Thanassoulis (2017b) . 
ariables becomes not only interesting but essential in the estima-

ion of the production frontier. 

With respect to the inclusion of covariates, the RDD literature is

uite varied. As in the spirit of the RDD, the environmental char-

cteristics that are not pre-determinants of the treatment status

hould not be statistically different across the treated and the con-

rol groups, but nonetheless are included in the regression to im-

rove the precision and provide more accurate estimates ( Calonico,

attaneo, Farrell, & Titiunik, 2019; Lee & Lemieux, 2010 ). Others

uggest mainly the inclusion of imbalanced variables, when it is

lausible to assume that all the relevant characteristics are ob-

erved in the data ( Frölich & Huber, 2019 ). The direct inclusion of

he environmental variables handles left heterogeneity across the

reated and the control samples and leads to consistent estimation.

Especially in small-sample empirical applications, it is not ad-

ised to include all the observed covariates not to lose statistical

ower in the conditional estimation. For this reason, step 3 can

e seen as the necessary further step to undertake in presence of

mbalanced variables, if found any after checking their statistical

ifference between treated and control group as suggested in step

 . We consider the complete model as a robustness check when

nough data are available for the estimation procedure. 

Using a conditional efficiency framework, the efficiency esti-

ates are not only determined by the inputs ( x ), the outputs ( y )

nd the assignment variable ( c ), but also by the other environmen-

al variables ( z ) under a non-separable production context ( Cazals

t al., 2016 ). Adapting the notation, the input-oriented conditional

rder-m efficiency estimator ( ̂  θ s 
m,n ) is defined as follows: 

̂ 

s 
m,n (x, y | c, z) = 

∫ ∞ 

0 

(1 − ˆ F X| Y,c,Z,n (ux | y, c, z)) m du (2.6)

For this estimation, a nonparametric kernel function and a

andwidth parameter b have to be selected using smoothing tech-

iques, properly handling discrete and/or continuous environmen-

al variables. 

To conclude, an additional source of information can be ob-

ained while performing the conditional analysis. By comparing the

onditional and the unconditional (namely without environmental

ariables) efficiency estimates 

 

s,c,z 
m 

= 

̂ θ s 
m,n (x, y | c, z) / ̂  θ s 

m,n (x, y ) (2.7)

e can causally evaluate the direction of the environmental vari-

bles influence together with the assignment variable role on the

roduction process by performing a nonparametric statistical infer-

nce (B ̆adin, Daraio, & Simar, 2012 ; Daraio & Simar, 2007a, p. 115) .

y definition, the environmental variables are non-discretionary;

herefore in principle the DMUs cannot directly change them as

hey would. However, knowing the influence of these variables can

elp the policy makers to enact more targeted interventions and

rovide further help. 

. Empirical application to secondary schools 

This section applies the procedure described in Section 2 to

valuate the causal impact of additional funding for schools with

isadvantaged students on school performance. As a starting point,

e use the educational production function ( Hanushek, 1979;

002; Levin, 1974 ), which models the conversion of multidimen-

ional inputs (e.g., school resources, peers, innate ability, moti-

ation) into educational outcomes (e.g., student achievement, at-

endance rate, job market success). The educational production

s deemed to be efficient when the observed outputs are gen-

rated using the lowest amount of resources (or alternatively if

he observed inputs are transformed into the highest amount of
utputs). 7 However, endogeneity issues might arise from vari-

us sources when estimating the educational production function

 Cazals et al., 2016; Cordero et al., 2015; Santín & Sicilia, 2017a;

018; Simar et al., 2016 ) and this occurs quite often in the edu-

ation sector ( Cordero et al., 2015; Mayston, 2003 ). For example,

here could be a potential impact of unobservable factors that cor-

elate with the measured variables, such as the innate ability of the

tudent, motivations or other family information that might not

e retrieved. There might be problems of self-selection wherein

he parents decide the schools for their children’s’ enrollment or

eachers subjective choice of selecting a school, confounding the

eal underlying production process. There also might be reinforcing

echanisms in the allocation of school resources as, for example,

n the allocation of additional funding or good teachers, leading to

everse causality ( De Witte & López-Torres, 2017 ). In addition, en-

ogeneity issues might arise in the attempt to disentangle a com-

onent attributable to the context or the program under which a

chool operates from a component related to its internal manage-

ial characteristics, leading to biased program/managerial efficiency

stimates and preventing from causal interpretation of the find-

ngs. 

.1. The ‘Equal Educational Opportunities’ program 

The Flemish education system is organised into three educa-

ional networks, i.e. official education organised by the Flemish

ommunity, government-aided public education run by munici-

al or provincial authorities, and government-aided private ed-

cation organised by a private person or organisation, consist-

ng primarily of catholic schools. The majority of Flemish schools

re government-aided private schools. Despite all networks receive

imilar government funding and are free of tuition, private schools

ttract, on average, students with a higher socioeconomic status.

urther, Flemish secondary education is organized in a tracking

ystem. Students can choose between programmes in an academic,

echnical, artistic, or vocational education track. 

The Flemish Community of Belgium strives to ensure the pres-

nce of equal educational opportunities over the last decades

 Nusche, Miron, Santiago, & Teese, 2015 ) for various reasons. Ac-

ording to the OECD PISA surveys, Flanders experiences a high dis-

arity in basic skills and achievement, largely explained by the stu-

ent socio-economic background ( OECD, 2017a ). The performance

ap for students with a migrant background is the highest in the

ECD; this gap is furthermore enhanced due to uneven distribu-

ion of experienced teachers ( Nusche et al., 2015 ). Moreover, in

he Flemish Community of Belgium, there is large segregation in

chools determined by secondary school track choice. Though in

heory, the choice between tracks adds up to the abilities and am-

itions of the students, general education is still considered as the

ost prestigious choice rather than one entail with vocational ed-

cation. In the absence of standardized exams, this creates segre-

ation in schools ( De Witte & Hindriks, 2017 ). Also, the school pop-

lation in the Flemish Community is increasingly heterogeneous

n terms of poverty, language, culture and family structure. Pro-

ections suggest that the population growth will be concentrated

n disadvantaged groups, mainly consisting of first and second-

eneration migrants. Therefore, the equity challenge is noteworthy

nd could even worsen in the next years ( European Commission,

017 ). 
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The ‘Equal Educational Opportunities (“gelijkeonderwijskansen-

beleid , GOK”) program’ promoted by the Flemish Ministry of Ed-

ucation was initiated in 2002. According to the policies of the pro-

gram, additional funding is provided to support secondary schools

with a significant number of disadvantaged students. A positive

impact of the program would consist in the reduction of the gap

on the academic results (that is, the outputs of the educational

process) between the schools that do and do not receive the ad-

ditional inputs. The program could be perfectly effective without

requiring these schools to improve their level of efficiency (that is,

in the input-output relationship), but this is not what the legislator

expected when designing it. For example, Article VI.5 of the GOK

Decree (2002) states that “for the use of resources, schools must

develop a school-specific equal opportunities policy. Schools are

therefore no longer approached as executors of a policy that is set

out for them, but are expected to autonomously develop their own

GOK policy within the flexible frameworks and instruments that

the government provides” ( Poesen-Vandeputte & Nicaise, 2012 ).

Though there is considerable freedom for the use of funding, these

extra resources can only be used for hiring additional teachers and

teacher support (hence, equivalently expressed in teaching hours).

The criteria for being considered a “disadvantaged” student slightly

changed over the years. Before 2008, the focus was more edu-

cational outcome oriented, however, since then, the definition of

a disadvantaged student has shifted its focus to the background

characteristics of the students in order to support those who hail

from a low-economic background. Specifically, five indicators are

considered: (i) the student receives an educational grant (proxy

for the family income); (ii) the student’s mother does not have a

secondary education degree (proxy for parental educational back-

ground); (iii) the student lives outside of family; (iv) the parent is

part of the travelling population; (v) the student does not speak

Dutch (i.e., the native language) at home. Thus, a school is liable

for additional teaching hours if a weighted share of students meets

at least one of these indicators and it exceeds an exogenously

set threshold. For the first stage of secondary education (first two

years), the cutoff is set at a minimum share of 10% disadvantaged

students. For the second and third stage of secondary education

(last four or five years), the cutoff level is at 25%. The difference in

the threshold for the first and the second/third stage is due to his-

torical reasons ( Nusche et al., 2015 ). The total amount of additional

funding assigned to a school is decided every three years, on the

basis of the amounts and the type of disadvantaged students per

school in the year before the start of the three-year cycle. More-

over, to avoid fragmentation of resources, eligible schools receive

the extra funding only if they generate at least six teaching hours.

Further details on Flemish education system and the program are

provided in Appendix A. 

The empirical analysis of the current study is focused on the

second and third cycle of secondary education whose cutoff is set

at 25%. Also, to avoid redundancy, following this juncture, the sec-

ond and third cycle of secondary education is referred as to sec-

ondary education. 8 

3.2. Data and variables 

We observe an unique dataset of 642 secondary schools cover-

ing the school year 2011/2012, starting year of a new three-year

cycle, and representing more than 90% of all the secondary schools

in Flanders. The Flemish Ministry of Education provided us with

rich data at pupil and school level. At the student level, data con-
8 At a threshold of 10% it is more likely to have non-compliers (eligible but not 

treated) due to the second eligibility criteria: even if the observed share of dis- 

advantaged students might be above the set threshold for determining treatment 

eligibility, it might not be enough to generate a minimum of 6 h. 

 

n  

p  

e  

s  
ain information on the disadvantaged student indicators, student

haracteristics (e.g., gender, nationality) and field of study. Further-

ore, we have information on educational outcomes that involve

he short term (problematic absenteeism, grade retention and cer-

ificate obtained at the end of the school year) and the long term

enrolment in higher education). At school level, the collected data

nclude information on the percentage of disadvantaged students,

chool location, educational track (general, technical, vocational or

rtistic education), school size, whether the school received addi-

ional funding in the previous years, amount of operational grants,

eacher information (e.g., gender, degree, seniority) and number of

eaching hours. 

.2.1 Inputs 

School funding resources are essentially provided across three

ategories: staffing hours, operating grants and capital ( Nusche

t al., 2015 ). However, for the current study, capital expenditure

as not been considered for the cross-sectional focus of the anal-

sis; therefore, we use two input variables obtained from the ad-

inistrative data. The first variable is teaching hours per student ,

hich measures the number of total teaching hours, keeping in

onsideration both the standard teaching hours and the extra con-

ucted for disadvantaged students (if any); in the Flemish law

eaching hours are linearly determined by the number of stu-

ents and depend on the study field ( De Witte, Titl, Holz, & Smet,

019 ). As discussed earlier, the change in inputs due to the policy

ight result in spillover effects on the production technology or

n the internal management efficiency; thus, the additional teach-

ng hours cannot be ignored, but rather accounted for (see also

ection 2 — Step 2 ). As a second variable, we use the operating

rants per student , which measures the total budget distributed

mong schools to cover their expenses; in the Flemish law also op-

rating grants are linearly determined by the number of students

nd depend on the study field ( De Witte et al., 2019 ). To reduce the

ariability across the units under analysis, we consider the amount

f teaching hours and operating grants per student. The two in-

uts are expressed in ratios, which are not a matter of concern

iven the FDH model adopted for the frontier estimation ( Olesen,

etersen, & Podinovski, 2015; 2017 ). 

.2.2 Outputs 

Since the initial conceptualization of the educational produc-

ion function, there has been perceived the need to measure the

chool performance beyond student achievements (e.g. test scores),

ccounting for the school’s ability to provide students with tools

o succeed in their later-stage challenges ( Hanushek, 1979; Levin,

974 ). Following this rationale, the mission of secondary schools

overs different objectives and involves different temporal hori-

ons, namely to succeed in promoting students’ short-term edu-

ational outcomes and long-term lifelong learning opportunities

 Silva, Camanho, & Barbosa, 2019 ). Accordingly, both dimensions

eed to be considered so to account for these complementary ob-

ectives and to assess the efficiency of the conversion of resources

n these educational results. 

For the purpose of analysis, a comprehensive definition of out-

ut has been considered to represent all these aspects, including

ntermediate outputs (throughputs), short-term and long-term out-

uts (outcomes), looking at the most suitable ones for the Flemish

ontext and in line with the standard literature on efficiency in ed-

cation and education economics. 

The first output is share of students that can progress to the

ext school year without any restrictions , which measures the pro-

ortion of students that obtain ‘A certificate’ in the final school

xams. In the absence of standardized test scores, ‘A certificate’

erves as a good proxy for student performance. At the end of the
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chool year, each student receives either of three types of certifi-

ates, namely, “A”, “B” or “C”, on the basis of their respective final

chool exam session. A student obtaining an “A certificate” is al-

owed to progress to the following year level without any restric-

ions in the program. In the latter two scenarios, the student can

rogress but only in specific programs or has to repeat the year.

his variable can be seen in the same way as student test scores,

ommonly used as output in the literature (see for all De Witte &

ópez-Torres, 2017 ). The second output mentions the share of stu-

ents without grade retention , defined as the complement to the

roportion of students experiencing grade retention in secondary

chool. 9 Grade retention has been considered an important dimen-

ion to be looked at in the education economics literature (see for

xample Rosenfeld, 2010 ) as well as passing rates in the efficiency

n education literature as a measure of educational quality (see for

xample Grosskopf, Hayes, & Taylor, 2014 ). It should be noted that

4% of the 15-years old in Flanders experienced grade retention,

hich is double from the OECD average. The third output variable

onsists of the share of students without problems of absenteeism.

his output quantifies the proportion of students that are not prob-

ematically absent, that is students who have not missed school

or more than 30 half school days. This variable signifies the en-

agement of students in school in educational activities, promot-

ng better learning in the short term and lifetime opportunities

n the long term. 10 This variable is not that common as such in

he efficiency in education literature, but it is rather assimilated

o the use of attendance rate in previous studies (see for exam-

le Bradley, Johnes, & Millington, 2001; Daneshvary & Clauretie,

001; Grosskopf & Moutray, 2001 ). In these studies this variable

as been considered an output on a par with student test scores.

owever, it could be interpreted in a different way and whether

o be considered as a throughput or output depends also on the

ther included variables and their timing. To this extent, the share

f students without problems of absenteeism can be seen as through-

ut with respect to grade retention and success in the final school

xams. 11 Finally, based on the arguments made above, the share of

tudents enrolled in higher education is considered to account for a

onger-term result (see for example Silva et al., 2019 ). This variable

easures the proportion of students that started either an aca-

emic or professional bachelor. This output considers the role of

chool in providing enough encouragement for students to focus

heir attention on higher education and pursuing lifelong opportu-

ities. 

As partially different timing in these outputs might rise some

oubts, we provide a series of robustness checks where we test for

ifferent combinations of output specifications. 

.2.3 Contextual variables 

Three groups of contextual variables have been identified –

chool, teacher and student characteristics. 

School characteristics 

First, consider school track . Students can choose among four

racks: general, artistic, technical and vocational secondary educa-

ion. General education is perceived as the most prestigious track
9 Following Jones and Waguespack (2011) , grade retention is “the practice in 

hich children are required to repeat a grade level in school because they failed 

o meet required benchmarks or grade level standards”. 
10 https://www.brookings.edu/research/going-to-school-is-optional-schools-need- 

o-engage-students-to-increase-their-lifetime-opportunities/ . 
11 It should be noted that although the share of students that can progress to 

he next school year without any restrictions captures how the school promotes 

he student attainment and the share of students without problems of absenteeism 

aptures the student engagement, the share of students without grade retention 

mbeds partly both the aspects in a complementary fashion. The rather low cor- 

elation coefficients (0.6359, 0.3932, 0.3784) and some robustness checks including 

eparately the outputs further prove this statement. 

m  

d  

d  

w  

b  

r  

v  

n  

t  

t  

p  

1  
hile vocational is considered as the least one. This apparent divi-

ion generates segregation in student allocation across the schools,

hich are mostly observed in differences in the average socio-

conomic levels. To understand and capture this phenomenon, we

onsider a dummy variable equal to one if the school offers general

econdary education ( School track – General education ). 

Second, among the literature catering to education economics,

he importance of school size has been stated with considerable

elevance. There has been a noticeable relationship between the

chool size effects and the possible existence of scale economies

n the literature. Interestingly, the evidence can be mixed if look-

ng at the student socio-economic characteristics ( Leithwood &

antzi, 2009 ). School principals cannot refuse student enrolments

y law (unless the school faces capacity restrictions); consequently,

chool size is an exogenous variable that is not under the control

f the school management. However, this still affects the manner

n which schools alter resources into educational outcomes and,

herefore, it is worth controlling for it. 

Third, the share of students changing school measures the share

f students that change their school and enroll themselves in a dif-

erent school in the next year. This variable captures how many

tudents leave the school or are pushed away from the school they

re currently enrolled in, and, as such, it may serve as a proxy for

election in and of schools. 

Fourth, previously treated school is a dummy equal to one if the

chool received additional teaching hours in the previous three-

ear cycle (started in the school year 20 08/20 09). In this manner,

e can handle the influence on the school management of being

lready a recipient of extra resources. This influence might work

n two different directions – the school understands that they can

mploy their resources in a better manner in the new cycle which

s the “learning effect”, or the provision of additional resources

amper the management and create a “wealth effect”. 

Fifth, education provider refers to the educational networks that

ct as “umbrella organization” for the school governing bodies:

ublic education organized by the central government, public mu-

icipal education organized by municipalities or provinces, and pri-

ate education . These networks differ mainly in the competent gov-

rnment authority and the manner in which they are managed,

hat is, either publicly or privately. However, despite the men-

ioned educational networks, schools have to attain the same gen-

ral goals. 

Finally, school with special need students is a dummy variable

qual to one if the school is eligible for additional funding to sup-

ort integration of special need students. 

Teacher characteristics 

The role of teacher quality and school principals in the ped-

gogical domain has been increasingly acknowledged ( De Witte

 Rogge, 2011; Hanushek & Woessmann, 2015 ) and, thus, has to

e taken into account when checking the characteristics across

chools. 

The variable of teacher seniority measures the experience of

eachers in a respective school; it ranges from 1 to 7, wherein 1

efers to the least experienced teachers (0–5 years) and 7 to the

ost experienced ones ( > 30 years). The second variable teacher

iploma quantifies the share of teachers that have the precise

iploma to teach the subject they are assigned to (“vereiste bek-

aamheidsbewijzen”) or one at a similar level (“voldoend geachte

ekwaamheidsbewijzen”), as opposed to another type of diploma

epresenting the minimum level required for teaching. The third

ariable mentions s chool principal seniority that measures the se-

iority of school principals and is measured in a similar manner as

o the experience of teachers; it ranges from 1 to 7, where 1 refers

o the least experienced and 7 to the most experienced school

rincipal. The fourth variable is the teacher age , which ranges from

 to 8, where 1 refers to the youngest teachers ( < 30 year old)

https://www.brookings.edu/research/going-to-school-is-optional-schools-need-to-engage-students-to-increase-their-lifetime-opportunities/
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Fig. 1. Distribution of the schools with respect to the share of disadvantaged stu- 

dents. 
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13 Again, for brevity, in this section we report the means for the 6% discontinuity 

sample. In Appendix B.2, there is the table listing the means for the 8% discontinu- 

ity sample. 
14 To account for similar observed differences between schools, we perform the 

analysis by limiting the sample to only vocational schools or general education 
and 8 to the oldest ones (60+). The fifth variable, which is, t eacher

full-time represents the share of teachers that have a full-time con-

tract, as opposed to a part-time contract. Finally, female teachers is

the share of female teachers working in a school. 

Student characteristics 

The student population of the school has been proxied with the

help of the following three variables. The share of students with

grade retention in primary school measures the share of students

that experienced grade retention in primary school, and can be

perceived as a proxy for the cognitive skill of the pupil. The share

of special need students in primary school posits as a representa-

tive for pupil’s cognitive skill the school has to deal with. Third,

the share of male students measures the proportion of male stu-

dents in a school. Earlier evidence highlights the difference be-

tween the performance of male and female students and accord-

ingly, this study includes this characteristic ( Cipollone & Rosolia,

2007 ). 

To conclude, we recall the assignment variable “share of disad-

vantaged students” used to determine the treatment status. 

4. Results 

4.1. Step 1: a Regression Discontinuity Design approach 

To evaluate the causal impact on efficiency of additional fund-

ing provided to schools, we exploit the cutoff exogenously set at

25% share of disadvantaged students in the second and third cycle

of secondary education. Observations right above and below the

25% cutoff are selected by the CCT optimal bandwidth ( Calonico,

Cattaneo, & Titiunik, 2014a ). 12 Since four outputs have been con-

sidered for the main analysis, there are four selected bandwidths

ranging between 6% and 8% (for more details see Appendix B.1).

Without loss of generality, the researchers can focus the analysis

on the extreme optimal bandwidth values, 6% and 8%. Thus, the

6% discontinuity sample, as the smallest focus on observations, is

obtained along with the 8% discontinuity sample, as the largest

one. To focus the discussion, we provide critical discussion for the

6% discontinuity sample in the main text, while the results are

provided for the 8% discontinuity sample in Appendix D. For the

bandwidth equal to 6%, we restrict the full sample by considering

only the schools whose share of disadvantaged students is between

(25%–6%) and (25%+6%). Specifically, the schools between (25%–6%)

and 25% constitutes the control group, while the schools between

25% and (25% + 6%) the treated group. In each group respectively

68 and 71 schools are identified. 

To provide a sound causal interpretation, it is crucial to validate

the established RDD setting; given that schools above the threshold

receive additional resources, there might be manipulation around

the threshold. This is unlikely due to the use of administrative data

to crosscheck multiple indicators used in determining the percent-

age of disadvantaged students. Moreover, the program is fully ex-

ogenous for parents when they do their school choice, because the

elements parents should take decisions upon are neither observed

nor publicly disclosed ( Palmaccio, Schiltz, & De Witte, 2020 ). Par-

ents do not (and cannot) observe either the funding level or the

provided teaching hours, as this information is contained in the

administrative data. Likewise, parents do not observe whether a

school has been previously treated or not, as this is not a pub-

licly disclosed information, but only traceable in the administra-

tive data. To complement these arguments, we check in the data

whether there is sorting around the threshold. As a first indication

for manipulation, we test if the baseline characteristics around the
12 Recently alternative bandwidth selection procedures have been proposed (e.g. 

Calonico, Cattaneo, Farrell, & Titiunik, 2017 ). Our results are very similar across dif- 

ferent procedures. 

s

a

w

w

hreshold are similar. Close to the cutoff, the schools in the control

nd treatment group should be similar, except for the treatment. 13 

able 1 suggests that the two groups are not statistically different

n means for most of the control variables considered. However, a

mall number of control variables is statistically different in means.

e include these dissimilar baseline variables as environmental

ariables in step 3 . These environmental variables are mostly re-

ated to student characteristics such as the share of students with

rade retention in primary school and the share of special needs

tudents in primary school, which will serve as contextual vari-

bles in the current analysis. It has also been observed that the

chools below the threshold tend to focus more on general educa-

ion schools and they have not received additional funding in the

revious cycle. Moreover, Table 2 signifies that the treated group

as, on average, a higher level of inputs, but a lower level of out-

uts. On the one hand, the difference in inputs and outputs may

e a consequence of the different share of pupils in school tracks

etween the control and treated group. In a similar way, there are

ifferences in the operating grants and the outputs between gen-

ral and the other school tracks. 14 On the other hand, this may be

ndicative of the occurrence of inefficiency in the treated group.

owever, the analysis proposed by this paper helps in measuring

he efficiency from an input/output mix perspective, disentangling

he source of this inefficiency and detecting the possible mecha-

isms behind the observed picture. 15 

To formally test for the presence of manipulation, a Mc-

rary manipulation test ( McCrary, 2008 ) using a Local-Polynomial

ensity Estimation as proposed by Cattaneo, Jansson, and Ma

2018) has been conducted (null hypothesis of no manipulation).

lso, in this case, the results in Table 3 do not point to any ma-

ipulation around the threshold. In addition, we graphically check

n Fig. 1 the frequency distributions of the schools with respect to

he assignment variable (the share of disadvantaged students) for

ifferent ranges and there is no evidence of any sorting around the

hreshold. 
chools. The analysis suggests robust findings to the main outcomes. Results are 

vailable upon request from the authors. 
15 When using a multiplier model specification for the efficiency analysis, the 

eights might offer interesting and complementary insights about the different 

eighting on inputs and outputs across the treated and the control group. 
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Table 1 

Sample means for control/treated group and population. Control variables. 

Below threshold Above threshold Full sample p -value 

School track – General education 0.794 (0.407) 0.493 (0.504) 0.640 (0.482) 0.0002 

School size (log) 6.176 (0.449) 6.186 (0.476) 6.181 (0.461) 0.8916 

Share of students changing school 0.0978 (0.0364) 0.0929 (0.0363) 0.0953 (0.0363) 0.4281 

Previously treated school 0.221 (0.418) 0.704 (0.460) 0.468 (0.501) 0.0000 

Education provider 0.561 

Public education 0.191 0.197 0.194 

Public municipal education 0.074 0.123 0.101 

Private education 0.735 0.676 0.705 

School with special need students 0.441 (0.500) 0.507 (0.504) 0.475 (0.501) 0.4406 

Teacher seniority 3.922 (0.348) 3.867 (0.356) 3.894 (0.352) 0.3627 

Teacher diploma 0.973 (0.0308) 0.963 (0.0360) 0.968 (0.0338) 0.0879 

School principal seniority 5.334 (1.119) 5.432 (1.031) 5.384 (1.072) 0.5905 

Teacher age 4.188 (0.316) 4.161 (0.316) 4.174 (0.315) 0.6163 

Teacher full-time 0.299 (0.109) 0.312 (0.0983) 0.306 (0.104) 0.4601 

Female teachers 0.595 (0.118) 0.571 (0.123) 0.583 (0.121) 0.2318 

Share of students with grade retention in primary school 0.0952 (0.0566) 0.148 (0.0654) 0.122 (0.0665) 0.0000 

Share of special need students in primary school 0.0141 (0.0238) 0.0318 (0.0334) 0.0232 (0.0303) 0.0005 

Share of male students 0.474 (0.161) 0.533 (0.211) 0.504 (0.190) 0.0670 

Share of disadvantaged students 0.220 (0.0188) 0.281 (0.0187) 0.251 (0.0357) 0.0000 

Observations (schools) 68 71 139 

Note: Results for 6%-discontinuity sample (8%-discontinuity sample in Appendix B.2). Standard deviation in parentheses. p- values obtained 

from t-test to examine whether the control and the treated group variables are statistically different in means. 

Table 2 

Sample means for control/treated group and population. Input and output variables. 

Below threshold Above threshold Full sample p -value 

Inputs 

Teaching hours per student 2.120 (0.408) 2.389 (0.431) 2.257 (0.440) 0.0002 

Operating grants per student 915.5 (82.54) 985.8 (138.2) 951.4 (119.3) 0.0004 

Outputs 

Share of students progressing to next school year without restrictions 65.96 (5.261) 61.88 (6.417) 63.88 (6.206) 0.0001 

Share of students without problems of absenteeism 99.68 (0.550) 99.35 (0.584) 99.51 (0.589) 0.0009 

Share of students without grade retention 94.53 (2.757) 93.53 (3.431) 94.02 (3.149) 0.0594 

Share of students enrolled in higher education 75.46 (15.38) 62.34 (17.37) 68.76 (17.64) 0.0000 

Observations (schools) 68 71 139 

Note: Results for 6%-discontinuity sample (8%-discontinuity sample in Appendix B.2). Standard deviation in parentheses. p- values obtained from 

t-test to examine whether the control and the treated group variables are statistically different in means. 

Table 3 

Manipulation test. 

Bandwidths Number of schools Test 

Below Above # Below # Above T p -value 

h − = h + 0.06 0.06 68 71 0.3252 0.7450 

Observations in the full sample 236 406 

Note: Results for 6%-discontinuity sample (8%-discontinuity sample in Appendix B.3). 

Fig. 2. Discontinuity in the probability of treatment. 
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Furthermore, the presence of discontinuity in the probability

f treatment has to be examined. Fig. 2 shows the probability of

reatment when the cutoff is exogenously set at 25% of disadvan-

aged students in a school and displays a discontinuous jump at

he cutoff. The jump in the probability of treatment at the cut-

ff is not sharp from 0 to 1 as it would be expected in a sharp

DD setting ( Lee & Lemieux, 2010 ). We are aware of the limits

hat this might bring into our empirical application, but we be-

ieve also that this is not a matter of concern for two main rea-

ons. First of all, the imperfect compliance observed is due to the

dditional requirement of generating a minimum of 6 hours, which

an be easily excluded as the case of imperfect take-up. Moreover,

e performed as a robustness check the analysis with and without

he units that are eligible but not receiving the treatment. These

esults are consistent (see Section 4.5 ). Therefore, we are confident

hat the quasi-experimental data at hand are able to show the po-

ential of the tool proposed in this paper and to provide sound

olicy recommendations. In terms of interpretation, the imperfect



1120 G. D’Inverno, M. Smet and K. De Witte / European Journal of Operational Research 290 (2021) 1111–1124 

Table 4 

Descriptive statistics of the efficiency scores. 

Below threshold Above threshold p -value 

mean sd min max mean sd min max 

Conditional model without covariates 

Overall efficiency 0.9131 0.0858 0.7094 1.0000 0.9253 0.0944 0.5874 1.0000 0.1916 

School efficiency 0.9207 0.0861 0.7128 1.0000 0.9233 0.0972 0.5823 1.0000 0.4654 

Program efficiency 0.9919 0.0181 0.8871 1.0000 1.0027 0.0153 0.9063 1.0658 0.0000 

Observations 68 71 

Note : Results for 6%-discontinuity sample (8%-discontinuity sample in Appendix D). p- values obtained from the non- 

parametric Wilcoxon–Mann–Whitney test to examine whether the control and the treated groups are from populations 

with the same distribution. Outputs : i) Share of students without problems of absenteeism, ii) Share of students without 

grade retention, iii) Share of students progressing to next school year without restrictions, iv) Share of students enrolled 

in higher education 
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16 Recall that efficiency scores > 1 point to ‘super-efficient’ observations, which 

is due to the resampling technique discussed in Section 2 . A score of 1.0027 can be 

interpreted as the schools are performing 0.3% better than expected. 
compliance results in local average treatment effects. More in gen-

eral, in case of perfect compliance the average program efficiency

scores can be interpreted as (local) average treatment effects, con-

sistently with the sharp Regression Discontinuity Designs and with

the idea of “local compliers”, being the units close to the threshold

( Frölich & Huber, 2019; Lee & Lemieux, 2010 ). We consider dealing

with imperfect compliance as scope for future research. 

4.2. Step 2: a conditional metafrontier approach 

In step 2 , for the groups of schools distinguished in step 1 , we

estimate the educational production frontier using a conditional

input-oriented robust FDH model. We compute the efficiency

scores for each school under analysis following equation (2.5),

where inputs and outputs are considered together with the as-

signment variable, namely the share of disadvantaged students.

As for the choice of m , a sensitivity analysis shows that m = 40 is

warranted, even across different discontinuity samples (see plots

in Appendix C). We recall that, from an economic perspective, the

value m can be interpreted as the number of (randomly drawn)

potential competing schools producing at least the same level of

output as the unit under observation ( Daraio & Simar, 2007a ).

First, we estimate the pooled frontier for the whole discontinuity

sample. The efficiency score indicates the overall level of efficiency

of the school under analysis. Then, we estimate group-specific

frontiers, separately for the treated and the control group so to

disentangle the overall efficiency into a component related to

managerial efficiency and another to program efficiency. The

obtained efficiency scores for the group-specific frontiers measure

the internal managerial efficiency level of the schools. Residually,

we compute the level of program efficiency, as explained in

Section 2 — Step 2 . 

Table 4 shows the average scores of the overall, managerial and

program efficiency for the 6% discontinuity sample (results for 8%

discontinuity sample are presented in Appendix D), without ac-

counting for relevant contextual characteristics (imbalanced vari-

ables have been controlled in the next subsection). We interpret

the complement to 1 of the average overall efficiency and man-

agerial efficiency as the detected level of inefficiency. The average

overall efficiency is 1.2 percentage points higher for treated schools

and also the average school-specific efficiency is slightly higher

for this group of schools. The overall inefficiency level among the

treated schools is almost 7.5% (obtained as 1–0.9253) versus 8.7%

(obtained as 1–0.9131) among the control group. However, this dif-

ference is not remarkable and the treated group presents a bigger

variability in the efficiency scores, denoted by a lower minimum

value. 

To explore the role of the policy, we look at the program ef-

ficiency. A program efficiency score for the control schools lower

than 1 denotes that the control-specific frontier is further from the
verall frontier compared to the treated-specific frontier. The aver-

ge program efficiency of the treated schools amounts to 1.0027,

uggesting that the treated schools are mainly constituting the

etafrontier. 16 This puts forth the notion that treated schools

ight have successfully convert more resources into more outputs

round the threshold. In the ideal RDD setting where all the plau-

ible relevant contextual variables are balanced, these estimates

ould represent the local average treatment effect. As found in

tep 1 , this is not the case for few of them. Accordingly, we cau-

ion the reader that to provide causal inference we have to resort

n step 3 . 

To check if the differences in performance between the con-

rol and the treated group are statistically different, we comple-

ent the analysis with a non-parametric statistical test ( Charnes

t al., 1981; Vaz & Camanho, 2012 ). The non-parametric Wilcoxon–

ann–Whitney has been performed to examine whether the con-

rol and the treated groups are from populations with the same

istribution: p -values are reported in Table 4 . Alternative tests are

vailable, but they are not appropriate for decomposed efficiency

cores ( Kneip, Simar, & Wilson, 2016 ). 

.3. Step 3: a conditional metafrontier approach including covariates 

Following the insights from the RDD literature and the evidence

rom Table 1 , we include the relevant covariates (the imbalanced

ariables) in the model specification, together with the assignment

ariable. Table 5 shows that the addition of imbalanced variables in

he frontier estimation does play a role with respect to the find-

ngs incurred in step 2 . The mean of the overall and school effi-

iency is higher for the treated schools, pointing to the fact that at

east some of them manage to make use of the expanded possibil-

ty production set. However, the minimum is lower for the treated

chools, denoting that there is an unexploited production capac-

ty among some of them. When including the imbalanced vari-

bles, the average difference in program efficiency between the

ontrol and treated groups almost vanishes, although the variation

n the program efficiency scores is larger in the treated schools.

his points to the fact that not all the schools successfully man-

ged to convert more resources into more output (and this can

xplain also why the policy has been found ineffective in a pre-

ious study - see De Witte, Smet, & Van Assche, 2017 ). The ab-

ence of significant differences between the treated and the con-

rol schools suggests that the additional resources have not been

rganised in a different way and have not stimulated a better man-

gement of the resources across all the treated schools. There are

ome schools that do expand their production possibility set and
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Table 5 

Descriptive statistics of the efficiency scores. 

Below threshold Above threshold p -value 

mean sd min max mean sd min max 

Conditional model with relevant covariates 

Overall efficiency 0.9147 0.0801 0.7321 1.0000 0.9449 0.0786 0.5752 1.0000 0.0466 

School efficiency 0.9260 0.0759 0.7317 1.0000 0.9601 0.0704 0.6063 1.0000 0.0013 

Program efficiency 0.9878 0.0275 0.8984 1.0347 0.9849 0.0548 0.7781 1.2014 0.2681 

Observations 68 71 

Note : Results for 6%-discontinuity sample (8%-discontinuity sample in Appendix D). p- values obtained from the non- 

parametric Wilcoxon–Mann–Whitney test to examine whether the control and the treated groups are from populations 

with the same distribution. Outputs : i) Share of students without problems of absenteeism, ii) Share of students without 

grade retention, iii) Share of students progressing to next school year without restrictions, iv) Share of students enrolled 

in higher education. The conditional model with relevant covariates includes the following variables imbalanced be- 

tween the treated and control group at 5% statistical level : School track (General education), Previously treated school, 

% students with problems in primary school, % students with special needs in primary school. 

Table 6 

Influence direction of the variables. 

Influence p -value 

School characteristics 

General education Favorable 0.1945 

Previously treated Unfavorable 0.146 

Student characteristics 

Share of students with grade retention in primary school Unfavorable 0.0000 ∗∗∗

Share of students with special needs in primary school Unfavorable 0.0985 ∗

Assignment variable 

Share of disadvantaged students Unfavorable 0.0000 ∗∗∗

∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01 

Note: Results for 6%-discontinuity sample (8% discontinuity sample in Appendix D). In this model 

specification only the variables imbalanced between the treated and control group at 5% statisti- 

cal level have been included, together with the assignment variable. 
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17 It should be noted that the results focusing on general and vocational schools 

only suggest similar findings. 
eorganise their managerial practises, however on average around

he threshold this impact is not that remarkable and is not statis-

ically significant. In other words, we look at the control schools

s a reference to observe what would have had happened if the

reated schools had not received additional resources. No differ-

nce in the program efficiency between treated and control units

ndicates that in the treated sample there are units that act as if

o more resources were given, hence missing the potential oppor-

unity to work differently. This suggests that the policy did not im-

rove the efficiency of the treated schools, but did not harm them

s well. 

Again, to check if the differences in performance between

he control and the treated group are statistically different, the

on-parametric Wilcoxon–Mann–Whitney test was performed to

xamine whether the control and the treated groups are from

opulations with the same distribution: p -values are reported in

able 5 and suggest no significant differences for the program effi-

iency. 

In summary, according to the evidence incurred by the analysis

ursued so far, treated schools do not successfully convert the ad-

itional resources to perform better around the threshold. Stated

ifferently, resources allocated where there is a relatively small

hare of disadvantaged students (25% cutoff) and/or a little amount

f resources seem to miss to the desired policy outcome. On the

ontrary, the further we move away from the threshold (within the

ptimal bandwidth), the higher is the potential to gather resources

o implement anything that can have an impact on efficiency. As

 matter of fact, exploring the results for a larger discontinuity

ample, we found on average a higher program efficiency for the

reated group and the difference with respect to the control group
s statistically significant (we provide the analysis for the 8% dis-

ontinuity sample -upper bound- in Appendix D). 17 

.4. Statistical inference 

Next, we analyze by a conditional efficiency model the statis-

ical inference by comparing conditional and unconditional esti-

ates along the contextual variables included in the estimation, by

eans of a nonparametric regression and considering 20 0 0 boot-

trap samples. This can be utilized to explore the direction of the

nfluence of these variables with respect to the efficiency assess-

ent. To reduce the curse of dimensionality, only the imbalanced

ariables have been included in line with step 3 . The other ob-

erved characteristics might be included if more data were avail-

ble for the estimation procedure. 

Table 6 summarizes the main findings obtained for the in-

luded contextual variables, listing their median influence and the

-values for the significance tests ( Li & Racine, 2007 ). Graphically,

he smoothed regression line can be interpreted as the marginal

ffect of the contextual variable under focus on the attainable set.

econdary schools providing general education have a favorable

nfluence on the efficiency. This is not surprising as more dis-

dvantaged students will be concentrated in vocational schools,

reating a more problematic context where to promote school en-

agement compared to the other schools, and as vocational schools

eceive more inputs. As revealed from the nonparametric regres-

ion plot, being a school which had received additional resources
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in the previous three-year cycle has an unfavourable influence, sig-

nifying the aspects of a lack of learning effect in management of

these extra resources. All student characteristics in the analysis

play an unfavorable influence; it is more likely that schools where

students experience grade retention in primary education or stu-

dents in special need schools face more problematic students and,

therefore, face an unfavorable environment for the education pro-

duction. Following the same reasoning, the share of disadvantaged

students plays an unfavourable role on the performance assess-

ment. 

4.5. Robustness checks 

To test the robustness of the results, we perform several anal-

yses on subsamples. By using the subsamples, we explicitly com-

pare ‘like with likes’. First, to account for the presence of imperfect

compliance, the main analysis is performed excluding the eligible

but not treated schools. The results of this analysis are listed in

Appendix E. A second series of robustness tests examines the sen-

sitivity of the results with respect to the underlying (un)observed

heterogeneity. As schools at both sides of the exogenously set

threshold might have different characteristics which remain unob-

served to the researcher, or as the treatment might have heteroge-

neous effects in different types of schools, the sample is limited to

only vocational or only general education schools. 

On average, the difference of the program efficiency between

the treated and the control group is not statistically significant.

This analysis signifies that schools fail to convert resources into

more outputs, even when the eligible but not treated schools are

excluded. Controlling for the school and pupil characteristics sig-

nificantly reduces the gap in the program efficiency scores, making

the scores reach a point where the difference is no longer signif-

icant. This suggests that the policy did not improve the efficiency

of the treated schools, but did not harm them as well. Overall, re-

sults seem to be very robust. This gives us confidence that schools

receiving additional resources and located just above the threshold

do not successfully convert them into more output. 

5. Discussion and policy implications 

This paper proposed an innovative approach to evaluate the

causal impact of a policy intervention on efficiency, by combining

insights from impact evaluation techniques and the standard ef-

ficiency analysis. Specifically, we designed a three-step procedure

that can be utilized whenever the treatment status depends on an

exogenously set threshold. In the first step, we focus on the ob-

servations around the threshold to handle potential endogeneity

issues and, accordingly, we define a discontinuity sample in the

spirit of a regression discontinuity design (RDD). In such a manner,

we distinguish two groups of units very similar in their baseline

characteristics but different in the treatment (treated versus un-

treated). In the second step, we adapt the concept of the nonpara-

metric metafrontier approach to decompose the overall efficiency

into a ‘managerial’ and a ‘program’ efficiency component. To do

so, we estimate both a group-specific local production frontier for

each group and a pooled production frontier for the discontinuity

sample: the program efficiency is obtained residually by compar-

ing the latter with the former. In the third step, we suggest how to

account for the heterogeneity in the estimation of the production

frontier of step 2 and how to include the environmental variables.

Furthermore, the comparison between conditional and uncondi-

tional estimates leads to insightful statistical inference, detecting

the direction of the influence of the contextual variables under a

non-separable production context. Due to the quasi-experimental

setting introduced in step 1 , causal interpretation to the estimates

can be granted. 
We showcase the practical usefulness of the devised method-

logy evaluating the causal impact on school performance of the

Equal Educational Opportunities’ program, promoted by the Flem-

sh Ministry of Education in Belgium since 2002 to support schools

ith (a large share of) disadvantaged students in secondary ed-

cation. Specifically, the program assigns additional resources to

he schools that exceed the 25% exogenously set threshold of

isadvantaged students. To validate the regression discontinuity

etting, a number of checks that indicated the absence of manip-

lation around the threshold were performed. For the educational

roduction frontier estimation, we considered two inputs (namely

he total teaching hours per student , including the additional hours,

nd the operating grants per student ) and four outputs (namely

hare of students progressing through school without any restrictions ,

hare of students without problems of absenteeism , Share of students

ithout grade retention , Share of students enrolled in higher educa-

ion ), together with the assignment variable, namely the share of

isadvantaged students. Whereas, a number of contextual variables

ere chosen among schools, teachers and students characteristics. 

Examining schools close to the exogenously determined cutoff

evel, the results indicate that additional resources do not causally

nfluence efficiency around the threshold. In particular, the schools

lose to the threshold and receiving the additional resources do

ot display a remarkable difference in the program efficiency com-

ared to their counterfactual control schools. These results seem

o be very robust to several specifications (e.g. by different out-

ut combinations and by education track). By design, the treated

roup is made by “local compliers” (see for example Frölich & Hu-

er, 2019 ). As a consequence, the conclusions drawn from this em-

irical application can be considered (local) average treatment ef-

ect and they have a high internal validity, but not an external one

we refer to Wing & Bello-Gomez, 2018 , for a recent methodolog-

cal research overview to improve external validity). This piece of

nformation is anyway interesting because it can suggest whether

he set threshold and the intensity treatment is effective or not at

east in its proximate neighbourhood. 

The proposed approach follows the idea behind the sharp re-

ression discontinuity design, namely in presence of perfect com-

liance: units are eligible for the treatment and they receive it.

owever, further research should extend the approach to a fuzzy

egression discontinuity design framework, namely in presence of

mperfect compliance: this occurs whenever there are units that

o not receive the treatment, even if they are eligible for it, for

nstance due to additional requirements that these units miss to

eet or in case of imperfect take-up. 

upplementary Materials 

Supplementary material associated with this article can be

ound, in the online version, at 10.1016/j.ejor.2020.08.042 . 
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