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1.Introduction

Regional economic development and business incentive programs have a prominent role in the
European Union (EU), with €196 billion (more than 18% of the total EU budget) allocated to these
policies in the current 2014-2020 programming period by means of the European Regional
Development Fund. For evaluating these programs, in recent years, a growing number of studies
have exploited either spatial discontinuities set by boundaries of the targeted areas (e.g. Eini6 &
Overman 2012; Giacomelli & Menon 2013; Jofre-Monseny 2014; Keele & Titiunik 2015; DeBlasio
& Poy 2017; Giuia 2017; Crescenzi & Guia 2018) or ranking discontinuities based on cut-offs in
the regional EU-fund eligibility indexes or in firm-level application scores (e.g. Becker et al. 2010;
2012; 2013; 2016; Pellegrini et al. 2013; Ferrara et al. 2016; Cerqua & Pellegrini 2014, 2017,
Percoco 2017).

In light of this recent body of literature, impact evaluation studies of European regional economic
development and business incentive policies are being increasingly commissioned and designed
under an a priori assumption that discontinuity designs have superior impact identification
properties: whenever an eligibility boundary, geographical border or application cut-off is
identifiable, a nearly idiosyncratic reflex tends to prevail in assuming that cross-border/cross-cutoff
comparisons or regression discontinuity designs are the best option for the analysis.

The goal of this paper is to highlight that in a number of frequently encountered, but often
unrecognized, circumstances this assumption does not hold ground and favorable impact
identification conditions could be also effectively exploited by other empirical strategies that ensure
a more transparent and explicit balancing of the relevant controls than discontinuity designs. Cross-
border, cross-cutoff comparisons or regression discontinuities, moreover, may be at risk of reducing
external validity and/or failing to achieve the complete balancing of the truly relevant controls when
the running variable has a weak influence on the outcome variable and the sample sizes are small.
Under these circumstances, ensuring the common support for the crucial confounders and adopting
propensity score matching approaches can mimic the features of block randomization designs,
constituting a more viable empirical option

The reminder of this paper is organized as follows: section 2 focuses on spatial discontinuities,
section 3 discusses ranking discontinuities, while section 4 offers some concluding remarks.

2. Spatial Discontinuities

The Importance of Theory of Change: a Forgotten Lesson of Holmes 1998, Black 1999 and
Dube et. al 2010

The recent literature on European regional economic development programs (e.g. Einié & Overman
2012; Giacomelli & Menon 2013; Jofre-Monseny 2014; Keele & Titiunik 2015; DeBlasio & Poy
2017; Giuia 2017; Crescenzi & Guia 2018) acknowledges Holmes (1998) as a first truly seminal
work that inspires the adoption of spatial discontinuity designs. In his 1998 paper, Holmes lays out,
upfront, a convincing theory of change linking the policy of interest (pro-business /right-to-work
state law) to the observed outcome (long-term —postwar period- changes in the location of



manufacturing). In this way he identifies the main threats to the validity to be controlled for in the
analysis, in terms of the major forces that affect the outcome variable independently from the policy
of interest and that are differently distributed between the “treated” and “non-treated” states. It is
such clearly defined theory of change that in Holmes (1998) supports the rationale for considering
cross-border comparisons a superior impact identification strategy that enables the analysis to
control for the major confounding factors in ways that do not rely on strong functional form
assumptions: “At state borders, the geographic determinants of the distribution of manufacturing -
for example, climate of a location; fertility of the soil; access to transportation, an ocean, river, or
lake; proximity to raw materials; attitudes of people toward unions; and level of agglomeration
benefits—are approximately the same on both sides of the border.” (Holmes 1998, p. 671).

Similarly to Holmes (1998), also Black (1999) is a second seminal precedent that is widely cited by
the literature on European regional economic development programs. As for Holmes (1998), also in
Black (1999) the adoption of a spatial discontinuity approach is thoroughly justified by the
developing of a detailed theory of change that explicitly underlies the impact identification
advantages of cross-border comparisons (within a same school district but across the boundaries of
the specific schools’ attendance sub-districts) when estimating the impact of school quality on
house prices.

Theory of change, finally, is also what justify the adoption of spatial discontinuity designs in a third
study (Dube et al. 2010) that is widely cited by the European impact evaluation literature. Dube et.
al. (2010) estimate short-run employment impacts of minimum wage raises, following the seminal
precedents that exploit firm-level data on the fast-food industry (Card & Kreuger 1994, 2000 and
Neumark & Wascher 2000). In this literature, the focus on fast-food restaurants is motivated by
advantages in controlling for the main threats to the validity of the analysis, in terms of the
confounding factors that may affect low-wage employment independently from the policy change.

Dube et. al. (2010) build on such theory of change to also justify the adoption of cross-borders
comparisons as the empirical strategy of choice. This is because the difference in difference (DD)
scheme adopted in Card & Kreuger (1994, 2000) and Neumark & Wascher (2000) controls for
unobservable differences in the factors that affect the employment outcome of “treated” and
“untreated” restaurants only under strict parallel trend assumptions. Comparing restaurants within
same local markets crossed by a policy-change state border ensures instead that most of the relevant
confounding factors are spontaneously controlled for (without relying on any functional form
assumption). This rationale for adopting spatial discontinuity designs, however, is closely related to
the same theory of change that justifies the focus on an industry, such as fast-food restaurants, that
sells services and acquires labor inputs exclusively in the local market. There would be little or no
basis for cross-border comparisons if the focus of the analysis were on different industries that do
not sell products or services on the local market.

Moreover, in the analyses of fast-food restaurant data and minimum-wage state policies, it is also
important to notice that the rationale for adopting spatial discontinuity designs does not stem from a
scenario in which an increased distance from the policy-change state border signals a monotonic
increase in the likelihood of comparing “treated” and ‘“untreated” firms with unbalanced
unobservables. This is because these analyses focus on short-run changes of an outcome variable



recorded in units of observation that were already in existence at the time of the policy change. In
the short run, and with respect to the unobservables of the existing restaurants, the “treatment
assignment” (i.e. becoming affected by an higher minimum wage) is at random also away from the
policy-change state border. Considering for example the well know case of the New Jersey (NJ) and
Pennsylvania (PA) fast-food industry at the time of the 1992 New Jersey minimum wage raise
(Card & Kreuger 1994, 2000 and Neumark & Wascher 2000), such random nature of the “treatment
assignment” with respect to restaurant-specific unobservables, is due to the fact that there was no
self-selection into treatment in terms of relocation efforts of the existing NJ restaurants into moving
to PA, in order to avoid a forthcoming minimum-wage raise. This is because the NJ minimum-wage
raise was not such a dramatic and well-anticipated event to spur massive preventive relocation
attempts of the existing restaurants away from NJ into PA. In this circumstance, the distance from
the states’ border is not correlated to the managerial abilities of the restaurants (i.e. restaurants did
not change their location in anticipation of the minimum-wage change and, consequently, no
restaurants with higher managerial abilities relocated deeper into the PA territory, while the low-
ability restaurants remained located deeply into the NJ territory, Figure 1).

FIGURE 1
Distribution of Fast-Food Restaurants in Card & Krueger (1994)’s Data
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FIGURE 2
Example of Classical Set-Up for Discontinuity Designs:
Admission-Test Scores (Running Variable) Sort Crucial Unobservables
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Such lack of sorting of the unobservables along the distance from the policy-change borders is very
common in many spatial discontinuity set-ups (including Holmes 1998) and is very different from
the cases of the classical scenarios for discontinuity designs related, for example, to admission tests
for job training programs. In these latter cases the running variable (i.e. the admission score) sorts
the unobserved abilities of the applicants in a way that the higher is the distance from the cutoff for
admission, the higher is the unbalance of crucial unobservable controls (Figure 2).

In the recent applications of discontinuity designs to European programs, the lesson of Holmes
(1998), Black (1999) and Dube et al. (2010), about justifying the adoption of spatial discontinuity
designs by means of a specific and detailed theory of change, is often forgotten. Rather, there is an
increasing trend in postulating that spatial discontinuity designs have superior impact identification
properties based on a-priori assumptions or mere citations of precedents in the literature. For at least
two important types of European regional economic development and business incentive programs,
such postulated assumptions do not hold ground.

Regional-based Policies with Discontinuities of Treatment Intensity at the Borders

A first type of programs, for which superior impact identification properties of discontinuity designs
cannot be postulated, is that of either regional-based cohesion policies supported by the EU
structural funds (e.g. Becker et al. 2010; 2012; 2013; 2016 Pellegrini et al. 2013; Ferrara et al.
2016; Cerqua & Pellegrini 2017; Percoco 2017) or other types of regional-based interventions for
which the focus of the evaluation is on short-run regional outcomes and spatial discontinuities are
encountered at the policy-change borders. These latter policy interventions are, for example, local
wage regulations (De Blasi & Poy 2017) or regional unemployment protection programs (Jofre-
Monseny 2014), for which cross-border comparisons or spatial regression discontinuity designs can
be adopted using data at either the municipality or the province level. For the case of EU cohesion
policies, the “treated” regions with the higher intensities of EU structural funds are referred to as
“Objective 17, “Convergence” or “Less-developed” regions', and when spatial discontinuity
approaches are adopted (e.g. Guia 2017, Crescenzi & Guia 2018), the outcome variables of the
analysis are derived from firm-level or individual-level data aggregated at the municipality-level.

Without the development of a policy-specific and credible theory of change, however, for these
programs the rationale for adopting a spatial discontinuity approach cannot stem from a mere
referral to Holmes (1998) or (Black 1999) in postulating, a priori, that spatial units at the threshold
have homogeneous characteristics in everything except for the treatment and that the confounding
unobservables evolve smoothly over space. This can be clearly illustrated considering, for

! “Objective 1”,“Covergence” or “Less-developed” regions in the EU are areas with, in general, a per-capita GDP lower
than the 75% of the EU average. “Ojbective 1” was the denomination in place until the 2000-06 programming period,
“Converge” was the denomination for the 2007-13 programming period, while “Less developed” is the denomination in
place for the current 2014-20 period.

’ E.g. Jofre-Monseny (2014, p. 78): [“Following Holmes (1998) and Black (1999), we choose neighboring
municipalities that are on opposite sides of the SIPTEA -i.e. the regional unemployment-protection policy of interest-
regional border as our treatment and control groups. This identification strategy is appealing because it controls for
confounding unobservables that evolve smoothly over space™].

Guia (2017, p. 110): [“This spatial approach has not previously been applied in the counterfactual literature on EU
Regional Policy but it is increasingly used to evaluate spatially-targeted policies in different fields. The simple idea on



example, the case of the EU cohesion-policy interventions supported by the structural funds, in
comparison with Holmes (1998)°. Holmes (1998) justify the adoption of a cross-border comparison
(Figure 3) by explicitly describing all the specific circumstances that support the assumption of a
monotonic increase in the unbalancing of the relevant controls when moving away from adjacent
counties across the border. These circumstances are as follows. First, the pre-treatment period is set
in the early post-world-war-I1 era, with very little (or complete absence) of anthropic density (in
terms of pre-existing infrastructures, industrial activity, urban settlements, historical sites). Second,
the North-America terrain has smoothly and slow-changing morphological features, considering, in
particular, the potential for industrial development in terms of flat versus steep-land. In most cases
this is coupled by a complete absence of abrupt changes, or short-distance alternations in pre-
existing transportation infrastructures and tourism attractiveness. Third, the outcome variable of
interest is in terms of long-term changes (i.e. over a span of 40+ years) in manufacturing locations.
This entails the fact that all the infrastructural and urbanization trends, that occurred after the early
post post-world-war-11 era (i.e. the pre-treatment period in Holmes 1998), are to be considered as
part of the treatment effect, and they do not have to be controlled for. Such specific and unique
circumstances make a very strong rationale for arguing that, by means of cross-border comparisons
between adjacent counties with different treatment status, all major confounding factors are
naturally controlled for (without relying on any functional form assumptions).

FIGURE 3
Counties in proximity (<25 miles) of policy change border in Holmes (1998)
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which it relies is that across space only the treatment assignment changes with a discontinuous jump, whereas all the
other observable characteristics are smoothly distributed. Provided that unobservable characteristics are distributed
similarly to the observables, the different spatial patterns of the treatment (sharply changing) with respect to all the
other aspects (randomly distributed and changes smoothly) makes it possible to separate its effect from everything else
(Black, 1999)”].

De Blasio & Poy (2017, p. 49): [“We compare the employment performance of municipalities similar on the basis of
geographic and sociodemographic characteristics, but different in terms of the provincial wage zone they belong to. As
in the groundbreaking paper of Holmes (1998), we focus on what happens when one crosses province borders. This
helps to isolate the effect of wage zones from that of other characteristics, which might confound identification:
geographically close municipalities are likely to be homogeneous in terms of many observed and unobserved local
features.”]

* Similar arguments apply also for the case of other regional-based policy intervention, such as regional unemployment-
protection (e.g. Jofre-Monseny 2014) or wage-zone policies (e.g. De Blasio & Poy 2017).



In many EU countries, in proximity of policy-change borders, and considering shorter-term
outcomes, this same rationale for cross-border comparisons is completely absent. This is because,
very often (and this is the case, for example, of the borders -Figure 4- for the Italian regions with
high intensities of EU funded cohesion policy interventions), the territories across adjacent
municipalities offer an extraordinary degree of variations and sharp and abrupt changes in terms of
entropic density and morphological features of the terrains. Very commonly there are municipalities
(or provinces) with prevailingly flat terrain (suitable for development), alternated with adjacent
municipalities with prevailingly steep terrain (not suitable for development). Continuous and abrupt
short-distance alternations, across a series of adjacent municipalities (or provinces), are also very
common in terms of presence of historic sites, existing urbanization, pre-existing and/or historical
infrastructures and vicinities to major cities, towns, cultural centers, major tourism attractions, road
and railroad arteries or airports. All these elements, in many European regions, generate a chaotic,
unsmooth and non-monotonic spatial distribution of a large number of relevant confounding factors
across all the municipalities (or provinces) located anywhere in a group of adjacent regions.
Moreover, it is also important to notice that, likewise in the analyses of the fast-food industry at the
time of minimum-wage changes, when the units of observation are at the municipality (or province)
level, there is no self-selection into treatment (as the treatment assignment is set at the regional
level, with well-established and pre-existing administrative borders). Under these circumstances,
unobservables are not monotonically distributed along the distance from the policy-change regional
border. As a consequence, comparing municipalities (or provinces) in proximity of the policy-
change border does not ensure, per-se, any better balancing of crucial observable and unobservable
confounders than comparing municipalities (or provinces) further away from the border.

FIGURE 4
Example of Municipalities in Proximity of Policy-Change Borders in Europe.
The case of High Intensity of EU Funds in Italy

Regions in orange (Abruzzo, Molise and Campania) had higher intensity of EU Funds in the 1994-1999 programming period.
Regions in blu (Lazio and Marche) are bordering areas that had lower intensity of EU Funds.

At the municipality-level, a large number of relevant confounders have a chaotic, unsmooth and non-monotonic spatial
distribution, with abrupt short-distance alternations of historic sites, existing urbanization, pre-existing and/or historical
infrastructures and vicinities to major cities, towns, cultural centers, major tourism attractions, road and railroad arteries or
airports. Moreover, municipalities did not self-select into treatment and distance from the policy-change border does not
monotonically sort relevant unobservables.

Under this commonly-encountered European scenario, adopting a cross-border comparison design
is the equivalent of arbitrarily restricting the focus on a subset of municipalities (those close to the
border) when exogenous treatment assignment conditions (in terms of lack of self-selection into
treatment based on unobservables) apply also for the municipalities away from the border. Such



restricted focus reduces the sample size of the analysis without obtaining any clear advantage in
better controlling for crucial confounders. Because of a reduced sample size, cross-border
comparisons have an higher likelihood of hiding some unbalance between treated and non-treated
units in important controls (for which data are often at risk of not being even collected when
discontinuity designs are implemented). This is similarly to what would happen in actual
randomized treatment assignments, if the sample sizes are not large enough to guarantee an
adequate balancing of the crucial controls. For example, Kernan et al. (1999) highlight that, even
with pure random assignment, the risk that the treatment and control group differ significantly along
some important dimensions becomes very relevant with sample sizes smaller than 200 units. In such
cases, a block randomization would be required to achieve an adequate balancing of the major
confounders (e.g. Bruhm and Mckenzie, 2008).

For these reasons, applying spatial discontinuity designs to evaluate these types of regional-based
European policies may be at higher risk both of unnecessarily reducing external validity and failing
to ensure the proper balancing of the crucial controls, compared to other impact identification
strategies that, for example, mimics the features of a block randomization design. These
identification strategies could be, for example, in terms of the following steps. First, the focus of the
analysis can be enlarged to units of observations farther away from the border, and theory of change
can be used to explicitly identify the crucial observable controls. Second, on the base of these
controls, units of observation may be excluded based on the lack of common support (instead on the
mere distance from the border), and statistical matching procedures may be used to ensure an actual
balancing of the crucial confounders between the treatment and the comparison group (e.g.
Bondonio 2016).

Non-Exogenous Borders of the Treatment Areas: The case of EZ, Science Parks, ZFU, Local-
Partnership Programs

A second types of European programs, for which the postulated assumptions of superior properties
of spatial discontinuity designs do not hold ground, are the geographically-targeted interventions in
which the borders of the treatment areas are specifically shaped as part of the policy intervention.
These types of interventions are quite widespread throughout most of the European countries in
terms of Industrial Parks and Science Parks, Enterprise Zones in UK (Einio & Overman 2012) and
France (“Zones Franches Urbaines”, Rathelot & Sillard 2009, Gobillon et al. 2012), and Local
Partnerships Areas in Italy (“Patti Territoriali”, Magnatti et al. 2005, Accetturo & De Blasi 2012).

Adopting cross-border comparisons or spatial regression discontinuity designs for evaluating these
types of programs is particularly problematic because when the borders of the treatment areas are
specifically designed as part of the policy implementation process, and do not coincide with pre-
existing municipal/province/state or regional boundaries, near random treatment assignments in
proximity of the edge of the targeted areas is not granted. This is because the decision on where
exactly to draw the boundary lines for the treatment areas is very likely to be endogenous to the
characteristics of each firm in existence in the specific micro-locations (e.g. city blocks) taken into
consideration for inclusion (or exclusion) in each targeted areas at the time of the policy
implementation phase. Moreover, for the same reason, also the morphological and anthropic



features of the terrain in proximity of the treatment-assignment border is likely to be endogenous,
with systematic differences between adjacent micro-locations across the opposite sides of the border
(Figure 5).

Under these circumstances, comparing treated and untreated firms located in proximity of the
border of a treatment area is at high risk of hiding some relevant unbalance of crucial
unobservables. Further away from border, instead, it is more likely that exogenous treatment
exclusions may be in place due, for example, to political reasons that prevented the implementation
of treatment areas in other parts of a same province or region. For these reasons, a better balance of
crucial unobservables is likely to be achieved by other empirical strategies, than discontinuity
designs. These could be in terms of excluding non-treated firms in proximity of the border of the
treatment areas, gathering data on crucial observable confounders, and adopting a statistical
matching estimator to compare the outcomes of the treated firms to those of similar non-treated
firms located elsewhere within a same province of region”.

FIGURE 5
Example of Non-Exogenous Borders:An Enterprise Zone Area in France
(“Zone Franche Urbain” in the City of Saint-Quentin)

: The shape of the borders of the

treatment area (bold red line) does not
match any existing administrative
boundary and it is specifically designed
as part of the program implementation
design. Existing firms on one side of
the border are likely to have different
features than those on the other side.
. Likewise, the morphological and
anthropic features of the micro-
locations (i.e. city blocks) on one side
the border are likely to be very different
than those on the other side.

3. Ranking Discontinuities

Ranking discontinuity designs are being increasingly adopted in Europe for evaluating the impact of
mainly either regional-based cohesion policy interventions supported by the EU Structural Funds or
business incentive programs to support firm-level investment and innovation projects.

In the first case, the focus of the analysis is on estimating the impact of EU funded interventions on
regional growth. During the EU programming periods 1994-99; 2000-06 and 2007-2013, higher
intensities of EU Funds were allocated to regions with per-capita GDP levels below 75% of the EU
average. This 75% cut-off for the eligibility to the higher intensity of EU Funds® determines a sharp
ranking discontinuity exploited in the literature (e.g. Becker et al. 2010; 2012; 2013; 2016;
Pellegrini et al. 2013;; Ferrara et al. 2016; Cerqua & Pellegrini 2017; Percoco 2017).

* In the presence of longitudinal data, a difference in difference scheme can be also added to the estimation procedure,
in order to control for unobservable fixed effects that may remain accidently unbalanced between the treated and non-
treated firms (e.g. Bondonio and Martini 2012 and 2018).

® The regions with higher intensities of EU Funds are referred to as either “Objective 1”,“Covergence” or “Less-
developed” areas (see Footnote 1 for additional details).



In the second case, the focus is on estimating the impact of business incentive programs on short-
run firm-level outcomes. In some noticeable circumstances, for example in the case of the Italian
Law 488/92 (e.g. Bondonio and Martini 2012, Cerqua & Pellegrini 2014) and the Portuguese
POE/PRIME program (e.g. Bondonio et al. 2016), these policy interventions are implemented by
means of calls for applications with scores assigned to the submitted investment projects. Firms are
ranked based on their application score, with a cut-off for treatment assignment that is often
determined exogenously (for example, due to limits in the program budget) and that can be
exploited in the context of a discontinuity design (e.g. Cerqua & Pellegrini 2014).

Rankings of EU Regions versus Rankings of Firms

A strong difference, that is often unrecognized, is in existence between the ranking of regions for
the allocation of the EU funds and the ranking of firms within business incentive programs. In the
latter case (similarly, for example, to many education or job-training programs), the selection into
treatment is based on a two-stages process. In the first stage, firms choose to apply or not to apply
to the program, and the status of applicant versus non-applicant firm is primarily the result of self-
selection. In the second stage, applicant firms are sorted into treated and non-treated applicants
based on cut-offs in the rankings of applicants, determined by program rules and procedures.

In the case of the allocation of EU funds, instead, stage one does not apply: all regions within the
EU countries are automatically taken into consideration for receiving EU funds. An higher intensity
of the funds (i.e. the treatment to be evaluated) is determined by a centralized rule based solely on
an observable variable (the ranking of the per-capita GDP indicator). For this reason, no distinction
is in existence between the general population of the units of observation and the applicant units,
and the running variable for the allocation of the funds is not a proxy of crucial unobservables (e.g.
motivation to apply for the support, administration abilities, institutional qualities etc.). With
respect to such unobservables, natural experiment conditions are in place also away from the cut-
off. Thus, restricting the focus on regions in proximity of the treatment-assignment discontinuity
ensures the balancing solely of one observable covariate (the running variable), and it is not a
necessary step to ensure the balancing of crucial unobservables. This is unlike the case of business
incentive programs in which, instead, a strong difference is in place between applicant and non-
applicant firms in terms of crucial unobservables (such as, for example, position of the firm on its
investment cycle, desire to invest and managerial abilities, in terms of awareness of the incentives
and availability of human resources capable of preparing the application package).

Cohesion Policies Supported by the EU Structural Funds

For evaluating regional-based cohesion policy interventions supported by the EU structural funds,
superior impact identification properties of ranking discontinuity designs are increasingly postulated
with reference to a literature that focus on different policy domains (see, for example, the Lee and
Lemieux’s (2010) guide to discontinuity-design applications in economics). These domains are, for
example, education, welfare, unemployment insurance, and disability programs, in which there is
often a strong rationale in assuming that the running variable is a proxy for (often unobservable)



crucial confounders. In these circumstances, pseudo-experimental treatment assignment conditions
hold only in the proximity of the cut-off. In the case of the EU cohesion-policy interventions,
instead, no credible theory of change can convincingly support the assumption that the running
variable is an important determinant of the future regional growth outcomes that are commonly of
interest in the evaluation design. This is because the indicator used for determining the intensity of
the EU funds is based on GDP levels (and not growth) and it is measured years before the beginning
of the actual policy interventions®.

This is an important aspect because the more the running variable has a negligible effect on the
outcome variable (and it is not a proxy of unobservables to be controlled for), the more the
treatment assignment mimic an actual randomization also away from the cut-off point, with no
monotonic increase in the unbalancing of the relevant controls when moving away from the cut-off
(e.g. Lee and Lemieux 2010). In these circumstances, the actual balancing between the treatment
and the comparison group of the control variables relies on sample sizes that have to be large
enough to grant that no accidental clustering within one of the two groups took place for any of the
confounders’. Similarly to what previously highlighted for spatial discontinuity designs, this is in
the same way as it can occur in actual randomized treatment assignments, for which block
randomization on crucial confounders would be required in the presence of small sample sizes (e.g.
Kernan et al. 1999).

For these reasons, when commissioning or planning evaluations of EU-funded cohesion policies in
the presence of running variables that are negligible confounders, particularly with small sample
sizes, there is no rationale in assuming that ranking discontinuity designs have clearly superior
impact identification properties. Other empirical strategies, such as statistical matching estimators,
may ensure a more straightforward and transparent balancing of the relevant confounders,
mimicking the role of block randomization between regions above and below the cut-off point.
Thus, if the running variable is a negligible confounder, and sample sizes are small, evaluation
designs should contemplate to acquire data also on the major observable confounders and enlarge
the focus to all regions above and below the cut-off for the treatment assignment. Then, units of
observation can be excluded based on the lack of common support for the crucial observable
confounders (not just based on the distance from the cut-off in the running variable), and matching
estimators can be used to ensure the equivalent of a block randomization in the presence of small-
sample-driven residual unbalancing of confounding factors.

Is the Running Variable for the Allocation of EU Funds a Relevant Confounder?

Some empirical evidence on whether or not the running variable for the allocation of EU funds is
actually a proxy of crucial confounders can be found by correlating the GDP indicator, used to

® The per-capita GPD indicator, expressed in terms of percentage of the EU average, was computed on 1988-90 GDP-
level data for allocating the EU funds of the 1994-99 policy interventions; on 1994-96 GDP-level data for the funds
pertaining to the 2000-06 interventions; and on 2000-02 GDP-level data for the funds pertaining to the 2007-13
interventions).

7 When instead the running variable is an important proxy for crucial confounders, such unbalancing concerns tend to
loose relevance. This is because in proximity of the cut-off, treated and untreated units with similar values of the
running variable would be likely to also have similar values of the crucial observable and/or unobservable confounders.



identify the regions with high intensity of EU funds, with some obvious pre-intervention observable
controls. When the outcome of interest is the regional GDP growth recorded during the EU
programming periods in which the cohesion-policy interventions took place (similarly as in Becker
et al. 2010; 2012; 2013; 2016; Pellegrini et al. 2013; Ferrara et al. 2016; Cerqua & Pellegrini 2017,
Percoco 2017), these pre-intervention controls can be, for example, the growths of per-capita GDP,
worker compensation, fixed capital formation, labor productivity and employment rate.

As shown in Table 1, the balance of the above-mentioned controls between the treated and non-
treated regions that are in the proximity of the cut-off of the running variable (e.g. the regions with
values of the GDP indicator within ¥ s.d. of distance to the 75% threshold for the higher intensity
of the funds, upper part of Table 1) is overall no better than the balance of the controls between the
full population of all treated and not treated EU regions (lower part of Table 1)°.

TABLE 1
Balance of Observable Controls between Treated and Non-treated EU regions

| Mean | t-test

| Treated® Non-treated %bias’] t p>t|
____________________________________ +__________________________________________________
Regions within ¥4 SD away from cut-off of the running variable
N 13 13
A% GDP | 1.1565 1.5455 -28.8 | -0.74 0.469
A% Worker compens. |-.24538 1.8341 -86.7 | =-2.21 0.037
A% Gross fixed cap. form. |-1.4274 -.83096 -15.5 | -0.39 0.69%906
A% Lab. Product. | 2.6028 2.9452 -22.1 | -0.56 0.579
A% Employment rate |-1.3534 -1.3031 -3.2 | -0.08 0.935
All EU regions
N 54 133
A% GDP | 1.7761 1.0389 17.7 | 1.36 0.174
A% Worker compens. | 3.1352 1.24 35.9 | 2.86 0.005
A% Gross fixed cap. Form. |-1.042 .02656 -21.7 | -1.39 0.1l606
A% Lab. Product. | 2.7872 2.1785 14.0 | 1.08 0.279
A% Employment rate |-.90036 -1.0859 15.1 | 0.98 0.326

Source: Eurostat data

a. Regions with higher intensity of EU funds for policy interventions in the 1994-99 programming period
(i.e.“Objective 1 areas”). Non-treated regions are those with lower intensity of EU funds.

b. Difference of the means of treated and non-treated regions as a percentage of the square root of the average of the
sample variances in the two groups (Rosenbaum and Rubin, 1985).

Moreover, plotting the running variable against the different pre-intervention controls (Figure 6)
reveals, in nearly all cases, a chaotic and seemingly random distribution. This is highly consistent
with the hypothesis that the GDP-level indicator for the allocation of the EU structural funds is
indeed unlikely to be a proxy of crucial confounders.

® The data reported in Table 1 are in terms of yearly average % change of the control variables recorded between 1991
and 1993. This 1991-93 interval represents the pre-treatment period that is the closest to the subsequent 1994-99 EU
programming period, and it is chosen due to the fact that the policy interventions from 1994 onward are at the center of
the discontinuity design impact evaluation literature related to the EU structural funds (e.g. Becker et al. 2010; 2012;
2013; Pellegrini et al. 2013; Becker & Egger 2016; Ferrara et al. 2016; Cerqua & Pellegrini 2017; Percoco 2017). The
values of the running variable, finally, are those used for the allocation of the EU funds pertaining to this 1994-99
programming period (i.e. per-capita GDP level as % of the EU average in the years 1988-90).

® Similar results (available upon request to the author) are also obtained when other boundaries are considered for
operationalizing the proximity to the cut-off.



FIGURE 6

Running Variable Plotted against Observable Controls
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Business Incentive Programs with Ranking of Applicants

For evaluating European business incentive programs, the availability of non-treated applicants is
undoubtedly a desirable impact identification scenario. This is because, in most programs, all firms
within contiguous ranges of industrial sectors, size classes and/or regional locations are typically
fully eligible to apply for the incentives, with no exogenous exclusions'® that can be exploited for
finding comparison groups composed by non-applicant firms that share with the treated firms the
same crucial unobservables (in terms, for example, of the firm’s position on its investment cycle,
desire to invest and managerial abilities for preparing the application package). For this reason, the
presence of cut-offs for treatment assignment in the application scores are extremely helpful for
impact identification, because they enables the analysis to focus solely on treated and non-treated
applicants that share the same crucial unobservables.

When commissioning and/or designing impact evaluations of programs with rankings of applicants,
and cut-offs for treatment assignments, however, theory a change to identify the main confounding
factors is still important, and, within empirical strategies that restrict the focus to applicant firms, no
superior properties of discontinuity designs should be postulated simply based on references to the
literature pertaining to other policy domains. This is because, similarly to the case of the EU
structural funds interventions, in some, often unrecognized, circumstances it is possible that the
application score is not among the relevant confounding factors identified with respect to the
outcome of the analysis, and, often, the sample sizes of the applicant firms are relatively small.

Application scores that are weak or negligible confounders may happen because of two possible
reasons. First, the computation of the score may be based on program rules that focus on factors that
do not have any relevant influence on the outcome variables. This is the case, for example, of the
POE-PRIME program in Portugal during the 2003-2006 period. For this program, Bondonio et al.
(2016) show that the application score did not sort out the applicants based on characteristics that
correlate with their pre-treatment trends of the outcome variables. Under these circumstances, and
because of the concurring presence of small sample sizes, Bondonio et.al (2016) opted for gathering
data also on crucial observable confounders. With these data they implemented an empirical
strategy that, while restricting the focus solely on the applicant firms, ensured the actual balancing
of the crucial confounders by means of a statistical matching estimator.

Second, in many business incentive programs™, the application score is assigned with reference to
the features of a submitted investment project, while the impact evaluation is carried with firm-level
data. Thus, in many programs, it is quite possible that firms with very different crucial confounders
(e.g. size, industrial sector, location, etc.) submit investment projects with features that, based on
the program rules, determine similar application scores. In this scenario, the application score would
not capture a number of crucial observable confounders, because, in essence, the analysis focus on
firm-level outcomes (with units of observation represented by the firms), while the application
scores are determined with reference to different units of observation (i.e. the investment projects),
for which no specific outcomes can be recorded. This is unlike many other policy domains, in

1% A comprehensive summary of the features of business incentive programs in Europe can be found on the European
Commission platform: http://ec.europa.eu/regional_policy/en/

'* As previously mentioned, http://ec.europa.eu/regional_policy/en/ contains a comprehensive summary of the features
of European programs.
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which, instead, the application scores are determined with reference to the same units of observation
(e.g. individuals, in the case of education, welfare, disability and job training programs) for which
the outcome variables are measured.

When application scores are negligible confounders, as previously discussed for the EU structural
fund interventions, desirable natural experiment conditions may extend further away from the cut-
off, and cross-cut-off comparisons or regression discontinuity designs may suffer from small-
sample limitations that may lead to failures in balancing crucial observable controls. Under these
circumstances, other viable empirical strategies, can be adopted to exploit the presence of non-
treated applicants. These strategies, similarly again to the case of the EU structural fund
interventions, require to acquire data also on the major observable confounders (e.g. industrial
sector, size, age and location of the firm) and to exclude from the analysis applicant firms based on
the lack of common support for the crucial confounders. In the presence of small samples, matching
estimators can finally ensure to the analysis a more transparent and explicit balancing of the crucial
controls, mimicking a block randomization design (e.g. Bondonio et.al. 2016, Bondonio and
Martini 2018).

4. Conclusions

Regional economic development and business incentive programs are very prominent policy
intervention domains in Europe. In recent years, impact evaluation studies of these programs have
being increasingly commissioned and designed under an a priori assumption that discontinuity
designs have superior impact identification properties than other empirical strategies. This paper
reviews and discusses some different types of widespread European policies for which, in
frequently encountered, but often unrecognized circumstances, this assumption does not hold
ground and other empirical strategies may be preferable for the analysis.

In one of these types of policies, the borders of the treatment areas are specifically shaped as part of
the program intervention and do not follow pre-existing administrative boundaries. This is the case
of a number of geographically-targeted programs for economic development, and/or revitalization
of economically-depressed areas, such as, for example, Industrial Parks and Science Parks
(widespread in many European countries), Enterprise Zones (in UK and France) and “Local
Partnerships Areas” (in Italy). For these programs, the decision on where exactly to draw the
boundary lines of the treatment areas is very likely to be endogenous to the characteristics of each
firm in existence in the specific micro-locations taken into consideration for inclusion (or exclusion)
in each targeted areas. Under these circumstances adopting spatial discontinuity designs is
particularly problematic, because the assumption of nearly-experimental treatment assignment in
proximity of the policy-change border is violated. As a consequence, firms with different treatment
status in proximity of the border are likely to have systematically different unobservables, while
further away from the border it is actually more likely that some exogenous treatment exclusions
can be encountered.

For other types of prominent regional-based policies, such as, for example, the cohesion-policy
interventions supported by the EU structural funds, local wage-regulations or regional
unemployment protection programs, the units of observation do not self-selected (based on crucial



unobservables) along the values of the running variable (represented by the distance from either the
policy-change border or the cut-off in the ranking of the GDP indicator used for the allocation of
the EU funds). Moreover, for evaluating these types of policies, no specific theory of change (and
also no empirical evidence, in the case the EU structural funds) can be often developed to support
the assumption that the running variable is a relevant observable confounding factor for the
analysis. Under these circumstances (that are unlike the case of classical set-ups for discontinuity
designs in other policy domains), the more the running variable has a negligible effect on the
outcome variable (and it is not a proxy of unobservables to be controlled for), the more the
treatment assignment mimic an actual randomization also away from the cut-off, with no monotonic
increase in the unbalancing of the relevant controls when moving away from the policy-change
discontinuity. In this scenario, adopting cross-border/cross-cut-off comparisons or regression
discontinuity designs in the presence of small sample sizes may lead to failures in the balancing of
the crucial observable controls. This is similar to what would happen in actual randomized
treatment assignments, for which, in the presence of small samples, block randomization would be
required to achieve an adequate balancing of the major confounders. For these reasons, other
empirical strategies may ensure an higher external validity to the analysis, and/or a better balancing
of the crucial controls, than discontinuity designs. These strategies could be, for example, in terms
of: enlarging the focus to units of observations farther away from the cut-off (or policy-change
border); using theory of change to explicitly identify the crucial observable confounders; excluding
units of observation based on the lack of common support for the relevant controls (instead on the
distance from the cut-off or policy-change border); and adopting a statistical matching estimator to
mimic a bloc randomization design that ensures the actual balancing of the crucial confounders also
in the presence of small sample sizes.

In the case of business incentive programs, finally, the existence of discontinuities for the treatment
assignment, based on cut-offs in the ranking of applicants, is undoubtedly a desirable impact
identification scenario that enables the analysis to focus exclusively on (treated and non-treated)
applicants that share the same crucial unobservables (in terms, for example, of the firm’s position
on its investment cycle, desire to invest and managerial abilities). Also for these policies, however,
in noticeable circumstances, the sample sizes of applicant firms are often small and the running
variable (represented by the application score) is a weak confounding factor. Consequently, natural
experiment conditions may extend further away from the cut-off. In this scenario, similarly to the
case of the regional-based policies, cross-cut-off comparisons or regression discontinuity designs
may suffer from small-sample limitations that may lead to failures in the balancing of the crucial
observable controls. While, instead, a preferable empirical strategy, also in this case, can be in terms
of enlarging the focus to applicant firms farther away from the cut-off; using theory of change to
identify the major observable confounders; excluding applicants based on the lack of common
support of the control variables; and using matching estimators to ensure a more transparent and
explicit balancing of the crucial controls, mimicking a block randomization design.
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