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ORIGINAL ARTICLE

Estimating the causal impact of an intervention on efficiency in a
dynamic setting

Anna Mergonia and Kristof De Wittea,b

aKU Leuven, Leuven, Belgium; bMaastricht University, Maastricht, The Netherlands

ABSTRACT
This paper develops a novel methodology to estimate in a dynamic setting the causal
impact of a policy on efficiency. Classical efficiency techniques evaluate multidimensional
performance but ignore the endogeneity issues in policy evaluations. We develop an indica-
tor which accounts for the dynamic performance of the observations and for the possible
correlation between the treatment status and the efficiency score. Besides, we propose a
decomposition of the indicator to disentangle the effect of the policy on the performance of
the observations from the effect of the policy on the environmental harshness that the
observations have to face. This innovative design allows us to introduce the notion of caus-
ality in efficiency studies and to shed light on the mechanisms underlying the inefficiency at
the unit and policy level. In the application, the present study assesses the impact on the
efficiency of a funding program that aims to foster educational equality.
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1. Introduction

The efficiency literature has a rich set of procedures
to multidimensionally estimate the relative perform-
ance of observations. Contrary to traditional regres-
sion models, classical efficiency techniques integrate
multidimensional inputs with multidimensional out-
puts. However, when it comes to policy evaluation,
efficiency techniques falter as the relation they
detect or highlight cannot be interpreted in a causal
way. This contrasts with the classical policy evalu-
ation techniques which are able to uncover causal
mechanisms, although they are incapable in drawing
a complete picture, as they evaluate one policy out-
put at the time (for a review of these techniques see
Abadie & Cattaneo, 2018). In the present paper, we
blend the concepts of efficiency and effectiveness by
developing a technique to evaluate in a causal way
the dynamic effect of a policy in a multidimen-
sional setting.

Non-parametric frontier estimations evaluate the
efficiency of “decision making units” as the relative
ability in transforming inputs into valuable outputs,
given a reference set of units with similar character-
istics and operating in similar environments. This
definition makes efficiency estimation a well-estab-
lished practice to evaluate the performance of public
activities for at least two reasons: first, it is consist-
ent with the idea that the production function can
be retrieved directly from the data, without assum-
ing a functional form. This is fundamental in the

public context, where often the functional form of
the production function is unknown. Second, it
allows us to account for the multidimensional set-
ting in which the observations operate. The same
attractive features also create issues to interpret the
findings in a causal way. To infer causality, the pos-
sible correlation between the assignment of the
treatment and the potential outcome must be
accounted for. Impact evaluation techniques analyze
one output at a time, thus, they are based on identi-
fication strategies that control one correlation at a
time. Instead, in the efficiency context the potential
outcome, i.e. the efficiency score, involves several
dimensions and this opens the possibility for add-
itional correlations.

The current paper contributes to the policy evalu-
ation literature by showing how non-parametric
frontier methodologies can be used to assess the
causal effect of a policy on the efficiency of the
observations. As argued by Mergoni and De Witte
(2021), there is a growing need for combining effi-
ciency and program evaluation methods. Although
these approaches were distinct in the past, they offer
two complementary perspectives for the evaluation
of policy measures. Currently, there are only few
studies in the efficiency literature that aim to inter-
pret the efficiency change of a policy action in terms
of causal evidence. Moreover, previous literature
typically considered a two-stage procedure where in
a first step the efficiency scores are computed, and
in a second one, they are used as dependent variable
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for classical econometric estimation (see for example
Hurtado Gonz�alez & Herrero Chac�on, 2014; Luca &
Modrego, 2021; Varghese et al., 2011). However, by
doing so, the issue of endogeneity in the computa-
tion of the efficiency scores, i.e. the possible correl-
ation between the efficiency and the treatment
variable (Orme & Smith, 1996; Sant�ın & Sicilia,
2017), is not properly addressed. To overcome this
issue, we propose a unified approach which
accounts, already in the first stage, for this possible
correlation. In particular, we combine performance
evaluation with policy evaluation techniques by
adapting the Difference-in-Differences identification
strategy (Wooldridge, 2016) to the efficiency litera-
ture. As highlighted by Mergoni and De Witte
(2021), a number of studies recently relied on a dif-
ference-in-differences identification strategy to infer
causality in the context of efficiency estimation (see
Bal�a�z et al., 2020; He et al., 2020; Hitt & Tambe,
2016; Lin & Zhu, 2019; Ma et al., 2020; Pan et al.,
2019), however, all of them relied on the contested
separability condition.

Instead, we develop an indicator which accounts
for the dynamic performance of the observations
(relying on insights from Malmquist indices, see
F€are et al., 1994; Pastor & Lovell, 2005) and for the
possible correlation between the treatment status
and the efficiency score (by relying on insights from
program efficiency, see Charnes et al., 1981).
Besides, we propose a decomposition of the indica-
tor to disentangle the effect of the policy on the per-
formance of the observations from the effect of the
policy on the environmental harshness that the
observations have to face. This innovative design
allows us to introduce the notion of causality in effi-
ciency studies and to shed light on the mechanisms
underlying the inefficiency at the unit and pol-
icy level.1

To give insights on the practical utility of the
proposed methodology, in our application we inves-
tigate the causal effects of the “Equal Education
Opportunity program”, a funding program offered
by the Flemish government, on schools’ productiv-
ity. The proposed method allows us to exploit the
panel structure of the data and to investigate the
effects of the policy from a dynamic and causal per-
spective. Our findings show that short and long
term effects can be contradictory and, therefore, a
dynamic perspective is fundamental to uncover the
mechanisms through which the policy operates.

The remainder of the paper is organized as fol-
lows. First, we review the relevant developments in
non-parametric frontier literature. Second, we intro-
duce the ingredients from the econometric and the
efficiency toolbox (namely the Difference-in-
Differences techniques, Program Efficiency and the

Malmquist Index) and we present in Section 3.4 our
unified approach. Third, the empirical application is
presented. A final section concludes the paper.

2. Connections between malmquist and
program efficiency

The non-parametric frontier measurements, and in
particular Data Envelopment Analysis (DEA;
Charnes et al., 1978), have been subject to a con-
tinuous evolution since their introduction. The
development of DEA techniques has taken several
paths, but all of them go towards the same direc-
tion: making the method more flexible, more
reliable and more informative. For example, non-
parametric frontier approaches have been refined to
account for the return to scale (Banker et al., 1984;
Banker & Thrall, 1992), to drop the convexity
assumptions (Deprins et al., 1984; Tulkens, 1993), to
consider non discretionary inputs (Ruggiero, 1998),
the presence of outliers (Wilson, 1995) and the
influence of exogenous variables (Cazals et al.,
2002). As the models do not require price informa-
tion, they are attractive to evaluate the performance
of complex decision making units such as schools,
hospitals, airports and any other (public) services
which involve the use of multiple resources for the
production of multiple goods or services and for
which a clear production function is unknown.

A promising research avenue within the DEA lit-
erature is situated in the comparison of the effi-
ciency scores of units operating in different
environments. The comparison task is fundamental,
as it allows researchers to assess the efficiency of
(public) programs or to detect dynamic patterns.
However, this research avenue is also challenging as
the efficiency scores cannot be compared if different
reference sets are used. Charnes et al. (1981) were
the first to commit to this comparison task. The
focal idea of their approach was that to allow
“across-envelope” efficiency comparisons, an “inter-
envelope” function is needed. This idea lead to the
decomposition of the overall efficiency score as the
product of managerial efficiency, computed by
means of “intra-envelope” functions, and program
efficiency, computed by means of the “across-enve-
lope” function. The definition of program efficiency
as the ratio between the managerial efficiency and
the overall efficiency has been closely followed by
the metafrontier analysis of Battese et al. (2004) and
O’Donnell et al. (2008). Specifically, in the meta-
frontier context, the efficiency scores are decom-
posed into an element that measures the distance to
the metafrontier (i.e. the frontier of an unrestricted
technology, which correspond to the “across-enve-
lope” function) and into an element that measures
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the distance between the group frontier and the
meta-frontier (which correspond to the “intra-enve-
lope” function).

Similarly, F€are and Grosskopf (1992) developed a
technique for inter-temporal comparisons, known
under the name of the Malmquist Index. The cen-
tral idea is that to allow comparisons there is the
necessity of exploiting a common reference set. The
comparison of the performances in different time
periods allow one to measure the change in effi-
ciency and to decompose it in a change in technical
efficiency and a shift in technology (F€are
et al., 1994).

The Malmquist Index and the Program Efficiency
share some similarities. Pastor and Lovell (2005)
introduce in the Malmquist literature a concept of
the global frontier that resembles the idea of the
across-envelope function of Charnes et al. (1981).
Another meeting point is the work of Camanho and
Dyson (2006) that suggests enriching the concept of
program efficiency with the Malmquist index to
develop a measure of comparison within group per-
formances. Similarly, Asmild and Tam (2007) pro-
pose the construction of a global malmquist index
for calculating differences between frontiers from
different groups rather than different time periods
and for allowing the estimation in case of unbal-
anced panels. Their index starts from the idea that
productivity change is global effect. More recently,
Aparicio et al. (2017) extended the approach of
Camanho and Dyson (2006) to measure how the
performance gap among groups changes over time.
A recent review has been provided by Piot-Lepetit
and Tchakoute Tchuigoua (2021).

From a policy evaluation perspective, it is
important to compare the efficiency among units
operating in different environments. However, non-
parametric frontier techniques do not allow for a
causal interpretation of the estimates. Despite the
Malmquist Index and Program Efficiency have been
developed to discover patterns underlining the per-
formance/efficiency, they are not able to explain in
a causal way these patterns. This lack can be moti-
vated by the fact that the identification strategies
developed in the econometric literature to ensure a
causal interpretation cannot be directly transferred
into the non-parametric frontier apparatus. As effi-
ciency scores are multidimensional and computed
by means of an optimising function of input and
output vectors, the endogeneity is defined as the
correlation of one of the inputs or outputs with the
efficiency (Peyrache & Coelli, 2009). Therefore, a
policy intervention consisting in a change of the
level of one or more inputs or outputs potentially
endogenize not only the single input or output
affected, but the whole efficiency score.

With this respect, there have been some attempts
to consider the issue of endogeneity in efficiency
(see for example Cazals et al. (2016); Cordero et al.,
2015; Orme & Smith, 1996; Peyrache & Coelli, 2009;
Sant�ın & Sicilia, 2017; Simar et al., 2016), but they
have been driven by bias correction motivations
more than by causal inference purposes. The first
who explicitly addressed the question of causal
inference was D’Inverno et al. (2021). They do so by
exploiting the identification strategy of the
Regression Discontinuity Design (Angrist & Pischke,
2008) and the idea of the Program Efficiency
(Charnes et al., 1981). In particular, the use of tail-
ored local frontiers allowed them to control for
endogeneity and interpret in a causal way the differ-
ence among treated and control units.

3. Methodology

To estimate the dynamic effect of a policy on effi-
ciency, we combine insights from program evalu-
ation with insights from efficiency analysis. We
exploit the idea that it is possible to tackle the cor-
relation among the inputs or outputs and the effi-
ciency scores, and, by properly choosing the local
frontiers, to account for the endogeneity. In particu-
lar, relying on a Difference-in-Differences (DiD)
identification strategy, we divide the full set of
observations in four categories (two for the treated
units: at time t and time tþ 1 and, symmetrically,
two for the non-treated units) and construct four
local frontiers. The obtained local efficiency scores
are then combined with the overall scores, which
are constructed using an overall frontier enveloping
all observations. The methodology is detailed in
four steps. Section 3.1 discusses the relevant ideas
behind the DiD, Section 3.2 presents the notion of
program efficiency, followed by the notion of the
Malmquist index in Section 3.3. Finally, Section 3.4
introduces our novel unified approach.

3.1. Difference-in-differences

The causal effect of an intervention is defined in
theoretical terms as the average difference in the
potential outcome in case of treatment and non-
treatment. In the real world, it is not possible to
estimate the causal effect of a policy at the unit level
as for the same unit only the potential outcome in
case of treatment or in case of non-treatment is
observable. However, if the Stable Unit Treatment
Value Assumption holds, which requires no interfer-
ence between the units and no variation in the treat-
ment, and if the assignment of the policy respects
certain conditions, it is possible to estimate the

JOURNAL OF THE OPERATIONAL RESEARCH SOCIETY 3



average treatment effect of the policy, s (Imbens &
Rubin, 2015).

The stricter the conditions that the policy fulfills,
the simpler the estimation technique. In the simplest
case, the assignment of the treatment is random and
s can be estimated as the difference between the
average outcome for treated and non-treated units,
as proposed by Rubin (1974). Unfortunately, due to
ethical issues, policy makers can commonly not ran-
domly assign a policy to individuals. The non-ran-
dom assignment of the intervention possibly creates
a correlation between the treatment and the poten-
tial outcomes (in our case the program efficiency
scores) and, therefore, impedes a direct estimation
of the causal effect. The phenomenon is known as
selection bias and arises each time treated and non-
treated units differ on (un)observed pre-treatment
characteristics.

If the policy is exogenous along the time dimen-
sion and if the differences among treated and non-
treated would stay constant over time in the absence
of treatment, the Difference-in-Differences (DiD)
technique allows for causal estimation (see Angrist
& Pischke, 2008, 2014 for further details). This con-
dition is known as parallel trend and is the key
assumption for the identification strategy of the DiD
estimator. Instead of comparing levels, the DiD esti-
mator compares changes. So, instead of searching a
counterfactual for the treated units, in the DiD set-
ting a counterfactual for the changes in the treated
units is searched. When the parallel assumption is
fulfilled, it is possible to use as counterfactual the
changes in the non-treated units. The DiD estimator
of the causal effect is defined as follows:

sDID ¼ ðE½yð1Þjt>T��E½yð1Þjt<T�Þ
�ðE½yð0Þjt>T��E½yð0Þjt<T�Þ (1)

where T is the time of the treatment y(1) is the
potential outcome in case of treatment and y(0) the
potential outcome in case of non treatment.

3.2. Program efficiency

In our analysis, the outcome variable is not directly
observed, but it is an efficiency score hiðxi, yiÞ com-
puted for each unit i by means of non-parametric
frontier estimations, given a vector of inputs xi and
a vector of output yi. Comparing the efficiency score
of units belonging to different programs (or under
different policy treatments) is not straightforward.
This is due to two main reasons: first, the standard
efficiency scores are assessed in relative terms, i.e.
given a reference set of units with similar character-
istics and operating in similar environments; second,
the standard efficiency scores are not able to disen-
tangle between managerial ability (i.e. the ability of

the manager of taking decision regarding the level
of inputs and the transformation process), technical
advancement (i.e. the advancement in the level of
technology involved in the transformation process)
and other context specific factors (i.e. variables
which influence the production process, but that are
not under the control of the manager). Therefore, a
direct comparison could lead to misleading conclu-
sions as the influence of the environment is not
accounted for.

The concept of Program Efficiency has been
introduced by Charnes et al. (1981) to account for
“good” units operating in unfavourable contexts and
“bad” units operating in favourable contexts. For
each unit i, the program efficiency is defined as the
ratio of the global efficiency hglobali ðxi, yiÞ, which is
the efficiency score of unit i with respect to all the
other units, over the local efficiency hlocali ðxi, yiÞ,
which is the efficiency score of unit i with respect to
the units operating in the same program of unit i.

PEi ¼ hglobali ðxi, yiÞ
hlocali ðxi, yiÞ

(2)

The idea is to make comparable the efficiency
scores by computing them in the same relative scale.
This is achieved by the use of a global reference set
to compute the global efficiency scores hglobali ðxi, yiÞ:
Besides, the scores must account for the context
specific performances, suggesting the introduction
of the rescaling factor hlocali ðxi, yiÞ: It should be
noted that Charnes et al. (1981) introduced the con-
cept of Program Efficiency relying on the use of
classical DEA methodology, i.e. input-oriented and
constant return to scale DEA, to compute the global
and the local efficiency scores. However, the idea of
the ratio of an overall score over a local score can
be extended in a straightforward way to any other
appropriate non-parametric model introduced in the
literature of frontier estimation (see for example the
variable return to scale model by Banker et al.
(1984) or the FDH model by Deprins et al. (1984)).

3.3. Malmquist index

Although the Program Efficiency allows us to com-
pare the performance of units belonging to different
programs, comparing the changes in the efficiency
scores is not straightforward. F€are and Grosskopf
(1992) and F€are et al. (1994) exploited the fact that
the inverse of a Shephard distance function is asso-
ciated with a Farrell measure of technical efficiency
(Pastor et al., 2020) and introduced the idea of the
Malmquist index in the efficiency literature. This
allowed the measurement of intertemporal changes
in efficiency and the evaluation of the dynamic per-
formances of the units.
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For the task of comparing the dynamic perform-
ance of units belonging to different programs, the
“global Malmquist productivity index” proposed by
Pastor and Lovell (2005) is of particular interest.
The use of a global reference set, known as inter-
temporal frontier (Berg et al., 1992; Samuelson &
Swamy, 1974; Tulkens & Eeckaut, 1995), provides
the circularity of the index. This characteristic
ensures that given the comparison between a unit a
and a unit b, and the comparison between the unit
b and a unit c, the comparison of a and c can be
assessed through b. Besides, the use of a constant
return to scale model for efficiency (suggested by
Grifell-Tatj�e & Lovell, 1995) guarantees that two
units that have the same ratio of outputs to inputs
are evaluated as equally productive, regardless of the
scale of production (also known as homogeneity).
Circularity and homogeneity are fundamental to
obtain sensible comparisons. Exploiting the relation
between the Shepard distance function and the DEA
efficiency score, we formulate the “global Malmquist
productivity index” of Pastor and Lovell (2005) as:

MG
i ðxt , yt , xtþ1, ytþ1Þ ¼ hGi, tþ1ðxtþ1

i , ytþ1
i Þ

hGi, tðxti , ytiÞ
(3)

where hGi, tðxti , ytiÞ is the CRS DEA efficiency score of
unit i at time t and it is computed using as refer-
ence set all the observation in the sample, at time t
and tþ 1 and hGi, tþ1ðxti , ytiÞ is the CRS DEA efficiency
score of unit i at time tþ 1, computed using as ref-
erence set all the observation in the sample, at time
t and tþ 1.

3.4. Our unified approach

Our estimator combines insights from the DiD, pro-
gram efficiency and Malmquist index in a two steps
procedure. The first step constructs the Malmquist
Program Efficiency Index as the combination of the
program efficiency, which allows us to compare the
efficiency scores of units belonging to different pro-
grams, and the Malmquist index, which allows us to
compare changes in efficiency. We substitute the effi-
ciency scores that typically enter the construction of
the Malmquist Index with the program efficiency, as
defined in Equation 2. This allows us to adapt the
Malmquist Index proposed by Pastor and Lovell
(2005) to a policy evaluation context. The Malmquist
Program Efficiency Index is defined as follows:

MPEiðxti , yti , xtþ1
i , ytþ1

i Þ ¼ PEðxtþ1
i , ytþ1

i Þ
PEðxti , ytiÞ

(4)

In this framework, four local frontiers enter the
analysis (two for the units in the treated group, one
for time t and one for time tþ 1, and two for the
units in the control group, one for time t and one

for time tþ 1) which are compared by means of an
overall global frontier encompassing all of them.

We decompose the Malmquist Program Efficiency
Index to enrich its informative power. This decom-
position accounts for the possible presence of factors
influencing the production process, the so-called
environmental variables, in line with the approach
of Johnson and Ruggiero (2014). Note that the DiD
specification controls for the time-invariant environ-
mental factors, although there might be some varia-
bles changing over time.

In the first step we also decompose the program
efficiency to account for the environmental variables
z. The program efficiency is decomposed in a condi-
tional program efficiency, PEðxtþ1

i , ytþ1
i , ztþ1

i Þ, which
accounts for the contribution of the program to the
efficiency, ceteris paribus, and in an environmental
harshness index EPEðxtþ1

i , ytþ1
i , ztþ1

i Þ, which
accounts for the harshness of the environment in
terms of exploiting the program intervention. In
particular, the conditional program efficiency
PEðxtþ1

i , ytþ1
i , ztþ1

i Þ is computed by substituting
hðxtþ1

i , ytþ1
i Þ, the classical DEA score of equation 2,

with hðxtþ1
i , ytþ1

i , ztþ1
i Þ, the conditional efficiency

score proposed by Daraio and Simar (2007). The
definition of EPEðxtþ1

i , ytþ1
i , ztþ1

i Þ can be retrieved
from the equation below:

PEðxtþ1
i , ytþ1

i Þ ¼ PEðxtþ1
i , ytþ1

i , ztþ1
i Þ

� EPEðxtþ1
i , ytþ1

i , ztþ1
i Þ (5)

By plugging in equation (5) in the Malmquist
Program Efficiency Index, defined in equation (4),
we obtain the following decomposition:

MPEi ¼ PEðxtþ1
i , ytþ1

i , ztþ1
i Þ

PEðxti , yti , zti Þ
� EPEðxtþ1

i , ytþ1
i , ztþ1

i Þ
EPEðxti , yti , zti Þ

(6)

where the first term accounts for the ceteris paribus
change in the program efficiency and the second
term represents the change in the environmental
harshness. We refer to the latter as the Malmquist
Environmental Efficiency (MEE). This decomposition
allows us to complement the analysis of the change
in the program efficiency (by means of the MPE)
with the analysis of the change of the environmental
harshness (by means of the MEE) due to interven-
tions at the policy level.

The second step consists in combining the effi-
ciency and the econometrics analysis (i.e. of the
MPE and of the DiD). By exploiting the identifica-
tion strategy of the DiD, and assuming that the
SUTVA and the parallel trends assumptions hold,
we are able to define the Average Treatment Effect
on Efficiency (ATEE) as follows:

ATEE ¼ MPETREATED�MPECONTROL (7)
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where MPETREATED and MPECONTROL are, respect-
ively, the average Malmquist Program Efficiency Index
among the treated and among the control units. The
difference in differences of the DiD is accounted for
in the ATEE as the terms of Equation 7, which
accounts explicitly for the difference among the
treated and the control and, hence, for the time trend
within each group. Considering the proposed decom-
position of the MPE, an Environmental Average
Treatment Effect on Efficiency (EATEE) can also be
defined to supplement the ATEE:

EATEE ¼ MEETREATED�MEECONTROL: (8)

The defined EATEE accounts for the effect of the
policy on the environmental variables which con-
tribute to the program efficiency. So, it allows us to
distinguish between the direct effect of the policy on
the ceteris paribus Program Efficiency and the effect
of the policy on the environmental harshness.

4. Empirical application

Non-parametric efficiency techniques have been
widely used for the evaluation of public services.
Many methodological advances have been illustrated
in the field of education (see, for example, Beasley,
1995; Cordero et al., 2017; Mayston, 2003;
Thanassoulis et al., 2011 and for a review De Witte
& L�opez-Torres, 2017). Following this strand of lit-
erature, in the empirical application we implement
the proposed methodology to provide novel evi-
dence on the effect of increasing and reducing
school resources. In particular, we evaluate the
impact on efficiency of the “Equal Education
Opportunity” (EEO) Program introduced by the
Flemish Minister of Education in 2002.

4.1. The Flemish context

In Flanders, the majority of students follow educa-
tion organized by private providers, the second larg-
est group attends public education organized by the
Flemish community, while the remaining students
participate in the public education run by municipal
or provincial authorities. Besides, Flemish secondary
education is characterized by a hierarchical tracking
system. In the first two years of secondary educa-
tion, students choose between two curricula, accord-
ing to their abilities and following the suggestion of
their teachers and parents. After two years, the stu-
dents who completed the more demanding curricu-
lum can choose according to their preferences
between a general track (ASO), an artistic track
(KSO) a technical track (TSO) or a vocational track
(BSO). While the other students are strongly

recommended to enroll in the technical or in the
vocational track (Nusche et al., 2015).

Despite persistently ranking in the top quartile of
the distribution in international education rankings,
the educational performances of Flemish students
are declining over time. Besides, the Flemish educa-
tion system is characterized by a high level of
inequalities and a significant number of students
who leave education without a degree (OECD.,
2017, The Flemish Ministry of Education &
Training, 2020a, 2020b). This situation can be partly
explained by the high level of immigration, by the
ineffective policies for education and by the rigid
hierarchical tracking system (De Witte &
Hindriks, 2018).

4.2. The equal education opportunity program

The EEO program has been implemented by the
Flemish Government starting from 2002, with the
aim of improving the schools outcomes of schools
and reducing the educational gap of students with
socioeconomic disadvantageous characteristics. The
program consists of additional lump sum funds.

Although all schools and grades are eligible for
the program, funding is only assigned to the schools
with a certain share of disadvantaged students, and
in cycles of three years. The amount of funding is
computed according to the number and the kind of
disadvantaged students. On average, the EEO fund-
ing amounts to about 15% of the school’s budget.
The students are classified as disadvantaged if they
have at least one of the following characteristics: (1)
the student receives an educational grant (proxy for
the family income); (2) the student’s mother does
not have a secondary education degree (proxy for
parental educational background); (3) the student
lives outside the family; (4) one of the parents is
part of the travelling population; (5) the student
does not speak Dutch at home. Despite the schools
being able to freely allocate the resources according
to the specific necessity of the schools, in most of
the cases the additional funds are used to provide
additional teaching hours targeted for disadvan-
taged students.

The cyclical assignment of the extra funds leaves
space for the investigation of two complementary
questions: First, do additional public funds improve
schools’ efficiency? Second, does the reduction of
public funds harm schools’ efficiency? Both ques-
tions can be answered due to the change in schools’
“treatment” status. As shown in Table 1, during the
“2011–2013 cycle”, among the 488 schools who
received the extra funds, 455 schools already
received them in the previous cycle, while for 33
schools it was the first time. Similarly, among the
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161 schools who did not receive the funds during
the “2011–2013 cycle”, 122 did not receive them also
during the previous cycle, but 39 schools saw a sud-
den decrease in the available resources starting
from 2011.

4.3. Data

Our data consists of a 2010–2013 panel of all stu-
dents in the first two years of secondary education.
In addition, an extended database contains informa-
tion from 2002 to 2013 for the outcomes of interest.
This extended database is utilized to verify the
assumptions for identifying causal effects (see
Section 4.4).

To address our two complementary questions
two samples have been individuated. A first sample
involves the schools that started to be treated in the
“2011–2013 cycle” of the policy, or that remain
untreated. A second sample focuses on the schools
that were treated in the “2008–2010 cycle” and did
not receive the extra funds in the “2011–2013 cycle”,
and their counterfactual: the schools who
remained treated.

To implement our policy evaluation, two inputs
and three outputs directly related with the EEO pro-
gram have been considered to asses the schools’ effi-
ciency-performances. Specifically, schools’
performance is evaluated in terms of a schools’ abil-
ity in reducing the amount of operating grant per
student2 and teaching hours per student3 for a con-
stant level of educational outcomes, measured in
terms of share of students who are able to obtain an
A certificate4, to progress in their academic path
and with no problem of absenteeism. Besides, to
account for the influence of the environment in
which the school operates, we consider the exogen-
ous variables that most differ among treated and
control schools, namely, the share of disadvantaged
students in the school, the school’s size and the per-
centage of full time directors. The descriptive statis-
tics for these variables are reported in the Appendix.

4.4. Underlying assumptions

To interpret the findings in a causal way, two
assumptions need to hold, namely Stable Unit
Treatment Value Assumption (SUTVA) and the
parallel trends assumption.

The SUTVA requires that the potential outcomes
are well defined (i.e. there is only one version of the
treatment) and that the treatment of a unit does not
interfere with the potential outcome of another unit.
These conditions cannot be empirically verified, but
they can be justified in the light of the available
information regarding the policy under analysis.
The EEO program provides additional funds to the
schools with a certain share of disadvantaged stu-
dents. To the best of our knowledge, no inter-school
peer effects are reported in the literature, therefore,
we can safely rely on the no interference assump-
tion. Despite the amount of the extra funds varies
according to school’s characteristics such as the
share of disadvantaged students and the size, we
define as treatment the receipt of any positive
amount. This prevents the existence of multiple ver-
sions of the treatment and ensures that the potential
outcome is well defined.5

The parallel trends assumption requires that the
potential outcome for the treated and the untreated
would be parallel in case of no treatment. As in
reality the treatment has been assigned, this assump-
tion cannot be directly verified. However, scholars
agree to use as a proxy for the potential post-treat-
ment trends the pre-treatment trends. To discuss for
the validity of the parallel trend we consider an
extended database containing the relevant informa-
tion from 2002 to 2015. In particular, to test for-
mally the assumption, we check the significance of
the interaction term of regression 9, as suggested,
for example, by Autor et al. (2003), Table IV. The
idea is that if the coefficient of the interaction term
is not significantly different from zero for the period
before the intervention, then the difference in the
trend between the treated and the control group is
also not significant, therefore, the assumption of
parallel trends is fulfilled.

Y ¼ aþ bTreatment þ cTimeþ dTreatment � Time

þ �

(9)

Where Treatment is a dummy indicating whether
the observation is in the control or in the treatment
group and Time is a matrix of dummies indicating
to which time period the observation is referred to.
This regression is implemented separately for the
sample relative to question 1 (i.e. the sample with
the schools that started to be treated in the
“2011–2013 cycle” of the policy or that remain
untreated) and for the sample relative to question 2
(i.e. the sample with the schools that stop to receive
the treatment in the “2011–2013 cycle” and those
that remained treated). Besides, the tests have been
implemented both for the share of students who
obtained an A certificate and for the share of

Table 1. Changes in the treatment status for secondary
Flemish schools.

“2011-2013 cycle”

“2008-2010 cycle” extra-funds no extra-funds
extra-funds 455 39
no extra-funds 33 122
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students with no problem of absenteeism as both
variables are included in the construction of the effi-
ciency scores. Results from the regression are
reported in Tables 8 and 9 of the Appendix and
show that the parallel trends assumption reasonably
holds in both samples for each outcome since the
coefficient of the interaction terms between the
dummies for years and the treatment dummy are
not significant. Finally, we would like to notice that,
despite the coefficient relative to the post-treatment
year dummies (2011, 2012, 2013 and 2014) are also
not significant, it is not implied that the policy itself
has no effect on the efficiency performance of
schools, since the efficiency measure is a composed
index which accounts for the three outcome dimen-
sions jointly.

4.5. Results and discussion

As the parallel trend and SUTVA assumptions are
fulfilled and the data are sufficiently balanced we
proceeded with the estimation of the average treat-
ment effect of the policy on the efficiency of the
schools (ATEE). It is worth to note that despite the
parallel trends assumption holds, we have applied a
nearest neighbour matching technique to select the
most appropriate units for the control groups. The
advantage is twofold: on the one hand, we reinforce
the balance of our data, while on the other hand,
we overcome the problem of the difference in the
sample size for the treated and the control.6

The effect of an increase in funding on schools’
efficiency is reported in Table 2. The negative aver-
age treatment effect on efficiency in 2011,
ATEE2011 ¼ �0:28, indicates that the schools which
received the extra funds, have not been able to
exploit these resources to increase the educational
outcomes during the first year. A similar inefficiency
at the policy level is detected when we consider the
effect of a reduction of resources on the efficiency
(see Table 3). We observe a positive short term
effect ATEE2011 ¼ 0:61, which signals that the
schools with a reduction of funding have not
reduced proportionally their educational outcomes.

These results partly contrast the findings of
Bargagli-Stoffi et al. (2019) who investigated the het-
erogeneous effects of the EEO program and detected
a positive impact on the students with young teach-
ers or senior principals or with Ooghe (2011), who
analyzed the impact of the program on the primary
education, finding positive effects, especially for the
disadvantaged students. However, the fact that add-
itional resources are not associated with higher
achievement rates is in line with the study of
Leuven et al. (2007) and Clark et al. (2017), who
analyzed a similar school funding policy for

disadvantaged students in the Netherlands and in
New Zealand, respectively. Besides, previous studies
on the Flemish context confirm the possible waste
of resources involved in the EEO program. In par-
ticular, D’Inverno et al. (2021), who focused on the
effect of this program on the efficiency for the final
four years of secondary education by means of a
Regression Discontinuity Design based approach.

To better understand the mechanism through
which an increase in the resources can affect the
school’s efficiency, and possibly explain the conflict-
ing evidence stemming from previous literature, we
enrich the analysis by investigating the longer term
effect and the effect of the policy on environmental
harshness (EATEE). A positive impact of additional
resources is detected in the subsequent years,
ATEE2012 ¼ 0:01 and ATEE2013 ¼ 0:06 suggesting
that schools experience a learning process and in
the medium to long run are able to employ in a
productive way the extra-funds. For reducing the
funding, the long term effect provides more com-
plex dynamics. A mid term negative effect,
ATEE2012 ¼ �0:03 is followed by a long term posi-
tive effect ATEE2013 ¼ 0:29: This evolution suggests
that, in the case of prolonged funds restriction, after
a first moment in which the schools struggle to
maintain the initial level of performance, they learn
how to use efficiently the funds at their disposal.

From a policy perspective, this evidence shows
that it is possible for schools to learn how to use in
an efficient way additional resources, and also to
adapt to funds restrictions, even if this requires a
longer process. The results are of particular interest
first, because the evidence on the long run effect of
school resources is scarce; second, because it can
partly explain the contradictory evidence offered by
previous literature.

In addition, the decomposition of the program
efficiency proposed in equation 5 allows us to detect
the causal effect of the policy on the environmental
harshness (see equation 8). Surprisingly, an increase

Table 2. The effects of an increase in the school resources.
2011 2012 2013

�MPEtreated 0.99 1.16 1.34
�MPEcontrol 1.27 1.15 1.28

ATEE –0.28 0.01 0.06
�EMPEtreated 0.61 0.67 0.78
�EMPEcontrol 0.78 0.8 0.86

EATEE –0.17 –0.13 –0.08

Table 3. The effects of a decrease in school resources.
2011 2012 2013

�MPEtreated 1.58 1 1.27
�MPEcontrol 0.97 1.03 0.98

ATEE 0.61 –0.03 0.29
�EMPEtreated 1.03 0.67 0.76
�EMPEcontrl 0.52 0.51 0.49

EATEE 0.51 0.16 0.27
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in the school resources has a negative effect on the
environment where schools operate, while a restric-
tion in the funding has a positive effect, suggesting
that higher resources are associated with higher
wastes. As the environmental harshness is measured
in terms of share of disadvantaged students, school
size and quality of school management (using as a
proxy the full time or not full time status), the result
can be explained by two mechanisms. First, it is
possible that the school production function has
decreasing return to scale, therefore, it is not suffi-
cient to rise the school resources proportionally
with school size or to the share of disadvantaged
students. Second, it is possible that school directors
do not have the proper skills to manage resources
efficiently if the amount is too large.

5. Conclusion

The main objective of this paper was to develop a
methodology to study in a dynamic perspective the
causal effect of a policy on efficiency. The combin-
ation of efficiency and policy evaluation analysis is
fundamental to detect inefficiency at the policy level
and could help in tailoring more effective policy
actions. However, despite efficiency measures being
well established to evaluate the performance of com-
plex (public) utilities, previous efficiency literature,
and especially the non-parametric frontier literature,
has overlooked the endogeneity issues, preventing a
causal interpretation of the results.

The paper contribution expands the recent litera-
ture which attempts to endow the efficiency scores
with a causal interpretation. In particular, the study
shows how to exploit the temporal dimension of a
panel dataset to examine causal relations. The main
idea is to adapt the identification strategy of the
Difference-in-Differences to the context of non-
parametric frontier estimation. It is done so by con-
sidering as potential outcome the Malmquist
Program Efficiency (MPE), which is constructed
using the tools offered by the program efficiency
and by the Malmquist index. Besides, the study pro-
poses a decomposition of this index to disentangle
between the direct effect of the policy on the effi-
ciency of the units and the indirect effect that the
policy exerts through the environment.

This innovative methodology has allowed us to
shed new light on the effect of school funding. In
particular, we investigated the effect of the “Equal
Education Opportunities” program in Flemish sec-
ondary education. We observed that schools’ effi-
ciency is more related with schools’ experience in
using its resources than in the level of resources
itself. From a policy perspective, this suggests that
policy makers should consider designing subsidiary

interventions to the EEO program, such as training
sessions and other intervention to help schools in
acquiring experience.

With respect to previous literature, our analysis
offers a more complete picture thanks to our
innovative methodology. First, it analyzes the effect
of the policy in a causal way and using a multidi-
mensional evaluation of school performance.
Despite the effect of additional funds on specific
school’s outcomes has been deeply investigated, evi-
dence on the effect of school policies on efficiency
are scarce. Second, this study orchestrates different
perspectives, considering both the effect of increas-
ing and decreasing the resources and both a short
and longer term period. To the best of our know-
ledge, this is the first study which investigates the
effect of a resource reduction or longer term effect
of funding on schools’ performance. Third, the
decomposition of the Malmquist index has provided
further evidence on the mechanism through which
the level of resources affect the school’s efficiency.

Despite the steps forward in our understanding
of the effect of funding on school’s efficiency pro-
vided by this research, further investigations are
needed to detect the possible heterogeneous effects
of the policy and to investigate the equalizing role
of the policy itself. Besides, from a methodological
perspective, further research should focus on com-
bining econometric tools to the efficiency frame-
work. Recent studies, such as D’Inverno et al.
(2021) and Mergoni et al. (mimeo), translated the
idea of the identification strategy of the Regression
Discontinuity Design in the realm of efficiency esti-
mation, while in this paper we relied on the identifi-
cation strategy of the Difference-in-Differences.
Future research should continue in this direction by
exploiting other econometric techniques, such as the
instrumental variable approach, the fixed effect
model, or the synthetic control method.
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Notes

1. To foster further applications, the R code is available
upon request.

2. The total budget allocated to meet operating costs,
weighted for the number of students

3. The number of teaching hours provided by the
schools, weighted for the number of students

4. This is the highest certificate that the students can
receive at the end of the year and this allows them to
proceed to the following academic year without
restrictions.
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5. The “Positivity assumption” is ensured as every non-
treated school has a positive probability of receiving
the treatment and every treated school has a positive
probability of stopping to receive the funds.
Moreover, the “Exchangeability assumption” is
verified by looking at the differences in means among
the treated and the control group along the variables
of interest available in the database. Results are
reported in Appendix (see Tables 4–6).

6. As shown by De Witte and Marques (2009),
differences in sample size might bias the
efficiency estimates.
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Appendix A.

Descriptive statistics (Tables 5 and 7)

Table 4. Sample means in 2010 for the schools involved in question 1.
treated control overall p – value

INPUTS
Operating Grant per student 936.1 877.1 889.7 0.2606

(273.3479) (226.5254) (237.5539)
Teaching Hours per student 2.3294 2.085 2.1371 0.108

(0.7598809) (0.7650415) (0.7680596)
OUTPUTS
% students with ‘A certificate’ 85.76 89.10 88.39 0.1016

(10.91393) (6.633541) (7.823609)
% students with no problem of absenteeism 98.91 99.79 99.60 0.08993

(2.878542) (0.8356366) (1.550007)
% students progressing through school 96.30 97.76 97.45 0.06446

(4.137448) (2.873909) 3.225498
ENVIRONMENTAL VARIABLES
% disadvantaged students 0.3743 0.16763 0.21162 1.182e-05

(0.225298) (0.1354396) (0.1793352)
School size 386.5 429.2 420.1 0.3833

(237.2495) (283.8129) (274.3959)
Grade size 148.2 158.3 156.2 0.5707

(84.1732) (108.7109) (103.8024)
% male 0.5226 0.5170 0.5182 0.8933

(0.2221844) (0.1609274) (0.1749607)
% students that changed school 0.1431 0.20171 0.1892 0.02063

(0.1148871) (0.161064) (0.1539644)
% senior teacher 3.880 3.938 3.926 0.3681

(0.3213181) (0.3505061) (0.3443208)
% diploma teacher 0.9627 0.9763 0.9734 0.1395

(0.04837496) (0.03580698) (0.03904893)
Age teacher 4.111 4.115 4.114 0.9455

(0.3228568) (0.370112) (0.3595725)
% full time teacher 0.19890 0.191039 0.19271 0.7829

(0.1429099) (0.1506262) (0.1485957)
% female teacher 0.5865 0.5830 0.5838 0.8895

(0.1310249) (0.1199462) (0.1219571)
% senior director 5.677 5.587 5.606 0.6963

(1.131109) (1.262625) (1.232801)
% diploma director 0.9848 0.9918 0.9903 0.6881

(0.08703883) (0.09053575) 0.08956909
Age director 6.035 6.037 6.037 0.9946

(1.127126) (1.265947) (1.234174)
% full time director 0.8636 0.944 0.9269 0.1072

(0.2617202) (0.1935729) (0.2115734)
%female director in the sample 0.3889 0.3566 0.3634 0.7048

(0.4283096) (0.4480934) (0.4427836)
# observations 33 122 155

Notes: The p-values (obtained from a t-test) show that the treated and the control group do not statistically significantly differ (at
1%) for the environmental variables, except for the share of disadvantaged students.
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Table 5. Sample means in 2010 for the schools involved in question 2.
treated control overall p – value

INPUTS
Operating Grant per student 984.4 963.8 965.4 0.6568

(282.6928) (172.9375) (183.6631)
Teaching Hours per student 2.681 2.4763 2.4925 0.2856

(1.164998) (0.6537022) (0.7079448)
OUTPUTS
% students with ‘A certificate’ 88.59 82.42 82.91 0.0000

(7.475411) (13.31541) (13.0522)
% students with no problem of absenteeism 99.65 98.75 98.82 0.0000

(0.7579673) (2.884149) (2.7863)
% students progressing through school 97.33 96.02 96.12 0.01518

(3.043412) (3.859265) (3.815009)
ENVIRONMENTAL VARIABLES
% disadvantaged students 0.2667 0.4096 0.39833 5.504e-06

(0.1655324) (0.1793379) (0.1822579)
School size 393.3 470.7 464.6 0.06281

(240.9295) (268.927) (267.4152)
Grade size 137.6 204.9 199.6 0.0000

(82.26107) (94.3286) (95.11148)
% male 0.5292 0.51896 0.51978 0.7756

(0.2149695) (0.2131428) (0.2130861)
% students that changed school 0.136803 0.10529 0.10778 0.1768

(0.1403386) (0.09706514) (0.1013249)
% senior teacher 3.936 3.843 3.851 0.1179

(0.3418761) (0.4199496) (0.4147775)
% diploma teacher 0.9664 0.9544 0.9554 0.1175

(0.04507506) (0.04379324) (0.04396812)
Age teacher 4.152 4.083 4.089 0.2438

(0.3484326) (0.3367726) (0.337851)
% full time teacher 0.2257 0.2638 0.2608 0.09827

(0.1359717) (0.1249585) (0.1261355)
% female teacher 0.5727 0.5954 0.5936 0.3557

(0.1467669) (0.133465) (0.1345423)
% senior director 5.184 5.506 5.481 0.1607

(1.374791) (1.057899) (1.088057)
% diploma director 0.9744 0.996 0.9943 0.406

(0.1601282) (0.04336415) (0.06117279)
Age director 5.692 5.939 5.920 0.2717

(1.346176) (1.12278) (1.142384)
% full time director 0.9915 0.9393 0.9434 2.396e-05

(0.05337605) (0.1769421) (0.1710249)
%female director in the sample 0.2479 0.3281 0.3217 0.2357

(0.3989603) (0.4107215) (0.4099812)
# observations 39 455 494

Notes: The p-values show that the treated and the control group do not statistically significantly differ (at 1%) for the environmen-
tal variables, except for the share of disadvantaged students, grade size and the share of fulltime director.
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Table 6. Sample means in 2011 for the schools involved in question 1.
treated control overall p – value

INPUTS
Operating Grant per student 1001.7 865.6 894.6 0.0004679

(190.5457) (154.7815) (171.7345)
Teaching Hours per student 2.475 2.017 2.115 0.0006162

(0.6391851) (0.6340315) (0.6603352)
OUTPUTS
% students with ‘A certificate’ 86.84 90.59 89.79 0.02331

(8.484661) (6.682222) (7.240065)
% students with no problem of absenteeism 99.10 99.78 99.63 0.1024

(2.257923) (1.014307) (1.394621)
% students progressing through school 96.98 98.32 98.04 0.01791

(2.94588) 2.013347 (2.30055)
ENVIRONMENTAL VARIABLES
% disadvantaged students 0.3715 0.16054 0.20545 4.123e-06

(0.2158472) (0.1268982) (0.1727391)
School size 379.7 426.3 416.4 0.3391

(235.4844) (283.6676) (274.0685)
Grade size 144.9 157.81 155.1 0.4496

(80.66666) (105.8395) (100.9055)
% male 0.5262 0.51090 0.51416 0.7067

(0.2157745) (0.1650449) (0.1763995)
% students that changed school 0.13653 0.18700 0.17626 0.05224

(0.1213704) (0.1581608) (0.1521353)
% senior teacher 3.904 3.966 3.953 0.4099

(0.3856587) (0.3579052) (0.3635934)
% diploma teacher 0.9623 0.9753 0.9725 0.1425

(0.04603574) (0.03644109) (0.03888484)
Age teacher 4.131 4.147 4.143 0.8239

(0.3430423) (0.384139) (0.3747466)
% full time teacher 0.20729 0.197149 0.19931 0.7313

(0.14842) (0.1542786) (0.1526308)
% female teacher 0.5974 0.5855 0.5881 0.6515

(0.1368495) (0.1150701) (0.1196613)
% senior director 5.745 5.679 5.693 0.7726

(1.134975) (1.239125) (1.21442)
% diploma director 1 1 1 –

0 0 0
Age director 6.116 6.117 6.117 0.9957

(1.242676) (1.264709) (1.256035)
% full time director 0.8838 0.9276 0.9183 0.3582

(0.2446825) (0.2236968) (0.228212)
%female director in the sample 0.4066 0.3593 0.3694 0.584

(0.4358887) (0.4422688) (0.4399367)
# observations 33 122 155

Notes: The p-values show that the treated and the control group do not statistically significantly differ (at 1%) for the environmen-
tal variables, except for the share of disadvantaged students.
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Table 7. Sample means in 2011 for the schools involved in question 2.
treated control overall p – value

INPUTS
Operating Grant per student 887.4 1002.8 993.7 0.0001065

(156.5869) (250.079) (245.8712)
Teaching Hours per student 2.226 2.508 2.486 0.01024

(0.6151478) (0.8374979) (0.8251728)
OUTPUTS
% students with ‘A certificate’ 88.43 83.20 83.61 0.0003153

(7.594137) (13.29989) (13.01259)
% students with no problem of absenteeism 99.53 98.80 98.86 0.0006807

(1.069318) (2.527001) (2.451149)
% students progressing through school 97.97 96.59 96.70 0.0005955

(2.18339) (3.121399) (3.07891)
ENVIRONMENTAL VARIABLES
% disadvantaged students 0.23531 0.4076 0.39399 4.032e-10

(0.1294017) (0.1810883) (0.1834448)
School size 387.5 466.8 460.5 0.05393

(237.5262) (268.8114) (267.1129)
Grade size 141.0 5 202.0 197.2 0.0000

(78.84795) (94.10131) (94.3642)
% male 0.5279 0.519151 0.519845 0.8042

(0.21128) (0.2123551) (0.2120701)
% students that changed school 0.14605 0.10492 0.10817 0.1095

(0.1545449) (0.09385799) (0.1003827)
% senior teacher 3.898 3.843 3.847 0.4369

(0.4196154) (0.442257) (0.4403544)
% diploma teacher 0.9694 0.9577 0.9587 0.0806

(0.0387241) (0.04331641) (0.04305068)
Age teacher 4.136 4.092 4.096 0.2438

(0.3890938) (0.351417) (0.354307)
% full time teacher 0.2273 0.2743 0.2705 0.04439

(0.1365289) (0.1308032) (0.1317331)
% female teacher 0.5788 0.5969 0.5955 0.4129

(0.1317365) (0.1306346) (0.1306793)
% senior director 5.38 5.562 5.548 0.433

(1.399117) (1.069024) (1.098043)
% diploma director 0.9615 0.9934 0.9909 0.2702

(0.1771342) (0.05709988) (0.0741279)
Age director 5.731 5.975 5.956

(1.281683) (1.143207) (1.155213) 0.255
% full time director 0.9872 0.9305 0.935 0.0005587

(0.08006408) (0.1976313) (0.1915639)
%female director in the sample 0.2436 0.3444 0.3364 0.1349

(0.3952314) (0.4145555) (0.4135715)
# observations 39 455 494

Notes: The p-values show that the treated and the control group do not statistically significantly differ (at 1%) for the environmen-
tal variables, except for the share of disadvantaged students, grade size and the share of fulltime director.
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Appendix B

parallel trends assumption

The first step to investigate the parallel trends assumption
is through a graphical representation of the trends of the
outcome variable for treated and control, as reported in
Figures 1–6. These graphs provide a first indication on
the validity of the parallel trends assumption. Besides, this
analysis is informative on at least two different levels.

First, it can be noticed that, on average, the schools which
receive the extra funds in 2011 perform worse than the
school which not receive the extra funds (see Figures 1–3
relative to sample 1); while, the schools which stop receiv-
ing funds in 2011, on average, perform better than the
school which have received the founds before and after
2011 (see Figures 4–6 relative to sample 2). This phenom-
enon suggest that the policy is targeting the schools which
are performing worse. Second, the difference among the
trend of the share of A certificate and the trend of the
share of students with no problem of absenteeism high-
lights the importance of a multidimensional analysis
(Tables 8 and 9).

Figure 2. Trend for the variable “no problem of absenteeism” the schools involved in question 1.
The blue line represents the control group, i.e., the schools which did not receive funds neither in the cycle 2008-2010, neither in the cycle 2011-
2013. The red line represents the treated group, i.e., the schools which started receiving the funds in 2011. This graphical representation supports the
parallel trends assumption and shows that the schools in the control group, on average, perform better than the schools which received the extra
funds. This can be explained by considering that the schools in the treated group are characterized by higher share of disadvantaged students, a char-
acteristics that results in higher share of students with absenteeism problem.

Figure 1. Trend for the variable “A certificate” for the schools involved in question 1.
The blue line represents the control group, the red line the treated group. The blue line represents the control group, i.e., the schools which did not
receive funds neither in the cycle 2008-2010, neither in the cycle 2011-2013. The red line represents the treated group, i.e., the schools which started
receiving the funds in 2011. This graphical representation supports the parallel trends assumption and shows that the schools in the control group,
on average, perform better than the schools which received the extra funds. This can be explained by considering that the schools in the treated
group are characterized by higher share of disadvantaged students, a characteristics that results in lower share of A certificates at school’s level.
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Figure 4. Trend for the variable “A certificate” for the schools involved in question 2.
The blue line represents the control group, i.e., the schools which received funds in the cycle 2008-2010 and in the cycle 2011-2013, the red line rep-
resents the treated group, i.e., the schools which stopped receiving the funds in 2011. This graphical representation supports the parallel trend
assumption and shows that the schools in the treated group, on average, perform better than the schools which stop receiving the extra funds. This
can be explained by considering that the schools in the treated group are characterized by lower share of disadvantaged students, a characteristics
that results in better share of A certificates at school’s level.

Figure 3. Trend for the variable “Progress” for the schools involved in question 1.
The blue line represents the control group, i.e., the schools which did not receive funds neither in the cycle 2008-2010, neither in the cycle 2011-
2013, the red line represents the treated group, i.e., the schools which started receiving the funds in 2011. This graphical representation supports the
parallel trends assumption and shows that the schools in the treated group, on average, perform better than the schools which did not receive extra
funds. This suggest that the presence of higher share of disadvantaged students results, on average, in higher share of students able to progress in
schools for the schools that did not receive the funds in the first cycle.
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Figure 6. Representation of the trend for the variable “Progress” for the schools involved in question 2.
The blue line represents the control group, i.e., the schools which received funds in the cycle 2008-2010 and in the cycle 2011-2013, the red line rep-
resents the treated group, i.e., the schools which stopped receiving the funds in 2011. This graphical representation supports the parallel trend
assumption and shows that the schools in the treated group, on average, performed better than the schools which stop receiving the extra funds
only until 2007, while after that year we observe an inversion in the ranking. This suggest that there is only a weak correlation between the share of
disadvantaged students in a school and the share of students in that schools who are able to progress.

Figure 5. Representation of the trend for the variable “no problem of absenteeism” for the schools involved in question 2.
The blue line represents the control group, i.e., the schools which received funds in the cycle 2008-2010 and in the cycle 2011-2013, the red line rep-
resents the treated group, i.e., the schools which stopped receiving the funds in 2011. This graphical representation supports the parallel trend
assumption and shows that the schools in the treated group, on average, perform better than the schools which stop receiving the extra funds. This
can be explained by considering that the schools in the treated group are characterized by lower share of disadvantaged students, a characteristics
that results in higher share of students with no problem of absenteeism at school’s level.
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Table 8. Regression to check the parallel
trends assumption.

Schools involved in question 1

(1) (2) (3)

A certificate no PA Progress
treatment –0.040� –0.014 0.011

(0.024) (0.024) (0.024)
year_2003� treatment –0.030 0.007 –0.023

(0.053) (0.053) (0.053)
year_2004� treatment 0.030 0.010 0.001

(0.052) (0.052) (0.051)
year_2005� treatment 0.013 0.013 0.025

(0.051) (0.051) (0.051)
year_2006� treatment –0.017 0.013 –0.012

(0.049) (0.049) (0.049)
year_2007� treatment 0.017 0.011 0.025

(0.049) (0.049) (0.049)
year_2008� treatment 0.003 0.009 –0.013

(0.043) (0.043) (0.043)
year_2009� treatment 0.014 0.014 0.014

(0.043) (0.043) (0.043)
year_2010� treatment 0.004 0.004 –0.002

(0.043) (0.043) (0.043)
year_2011� treatment 0.007 0.007 0.003

(0.043) (0.043) (0.043)
year_2012� treatment 0.004 0.007 0.011

(0.043) (0.043) (0.043)
year_2013� treatment 0.013 0.014 0.015

(0.043) (0.043) (0.043)
year_2014� treatment 0.017 0.014 –0.010

(0.043) (0.043) (0.043)
Constant 0.671��� 0.742��� 0.527���

(0.011) (0.011) (0.011)

Observations 1,930 1,930 1,930
R2 0.184 0.225 0.246
Adjusted R2 0.174 0.214 0.236
Residual Std. Error (df¼ 1904) 0.181 0.180 0.179
F Statistic (df¼ 25; 1904) 17.202��� 22.063��� 24.882���
Time Fixed Effect Yes Yes Yes

In this table we report results from the estimation of equation 9, con-
sidering three outcomes: the share of A certificate, the share of student
without Problem of Absenteeism and the share of students able to
Progress in school. The regression is implemented for the sample of
schools that did not receive the extra funds before 2011. Since the
coefficient of the interaction terms relative to the period before the
treatment are not significant, the parallel trends assumption is fulfilled.
Note: �p< 0.1; ��p< 0.05; ��� <0.01.

Table 9. Regression to check the parallel
trends assumption.

Schools involved in question 2

A certificate no PA progress
(1) (2) (3)

treatment 0.037� 0.016 –0.004
(0.021) (0.021) (0.017)

year_2003� treatment –0.019 –0.013 0.017
(0.044) (0.043) (0.034)

year_2004� treatment 0.029 –0.012 0.044
(0.043) (0.043) (0.033)

year_2005� treatment 0.008 –0.012 0.038
(0.042) (0.042) (0.033)

year_2006� treatment 0.028 –0.012 0.032
(0.042) (0.041) (0.032)

year_2007� treatment 0.017 –0.011 0.012
(0.041) (0.041) (0.032)

year_2008� treatment 0.017 –0.007 –0.017
(0.040) (0.040) (0.031)

year_2009� treatment 0.007 –0.009 –0.006
(0.040) (0.040) (0.031)

year_2010� treatment 0.008 –0.008 –0.013
(0.040) (0.040) (0.031)

year_2011� treatment 0.0001 –0.010 –0.016
(0.040) (0.040) (0.031)

year_2012� treatment –0.006 –0.009 –0.028
(0.040) (0.040) (0.031)

year_2013� treatment 0.005 –0.016 –0.017
(0.040) (0.040) (0.031)

year_2014� treatment –0.018 –0.016 –0.026
(0.040) (0.040) (0.031)

Constant 0.578��� 0.688��� 0.548���
(0.006) (0.006) (0.004)

Observations 7,038 7,038 7,038
R2 0.199 0.259 0.331
Adjusted R2 0.196 0.256 0.329
Residual Std. Error (df¼ 7012) 0.201 0.200 0.156
F Statistic (df¼ 25; 7012) 69.747��� 97.991��� 139.051���
Time Fixed Effect Yes Yes Yes

In this table we report results from the estimation of equation 9, con-
sidering three outcomes: the share of A certificate, the share of student
without Problem of Absenteeism and the share of students able to
Progress in school. The regression is implemented for the sample of
schools that received the extra funds before 2011. Since the coefficient
of the interaction terms relative to the period before the treatment are
not significant, the parallel trends assumption is fulfilled.
Note: �p< 0.1; ��p< 0.05; ���p< 0.01.
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