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1. Introduction

Business support programs are popular industrial policies used by most governments in EU and
US, in order to foster competitiveness, self-sustaining growth and employment, particularly in
disadvantaged areas. A huge amount of funds are spent each year on regional policies and
subsidies or “State Aid”. Moreover, aid granted by governments in response to the recent crisis
contributed to the big increase in State aid to industry and services in the last year: in 2009, the
share of State aid for industry and services as percentage of GDP in the EU-15 economies was
3.7%, 0.5% excluding crisis measures>.

Not surprisingly, several studies have evaluated the extent of the economic payoff of these kinds
of incentives (see, inter alia, Schalk and Unitied, 2000; Roper and Hewitt-Dundas, 2001; Bondonio,
2004; Rodrik, 2007; Criscuolo et al., 2009) 3.Despite this vast literature, there is little consensus
among economists on the effectiveness of investment incentives. As well argued in Bondonio
(2009), evaluating the impact of business incentive programs is still a challenging task. The
problems are not only related to limitations in data availability, but (and mainly) due to difficulties
faced when isolating the effects of subsidies from the confounding effects induced by other
factors. Endogenous participation and high selection bias in the programs require implementing
an accurate micro-econometric evaluation of their causal effects, but this is rare primarily because
of the difficulty of achieving credible identification (Criscuolo et al., 2009).

In this paper we present a robust econometric analysis of the causal effect of capital subsidies to
private firms, by exploiting an unusual characteristic of an important regional policy in Italy. We
analyse the impact of subsidies distributed by Law 488/92 (henceforth L488), which has been the
main policy instrument for reducing territorial disparities in Italy, and represented the 30% of total
financial aid to firms in Italy in the period 1996-2006. This law has been characterized by rigorous
and transparent selection procedure. Each year, subsidies are allocated to a broad range of
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investment projects through regional “calls for tenders”, which mimic an auction mechanism. In
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each regional “call for tender”, the investment projects are ranked on the basis of a score that
depends on a number of (known) characteristics of both the project and the firm. Projects receive
subsidies according to their position in the ranking until the financial resources granted to each

region are exhausted.

The presence of sharp discontinuities in the L488 rankings allows us to use a quasi-experimental
method deriving from a regression discontinuity design (henceforth RDD) approach, capable of
overcoming the referred difficulties. The RDD technique compares the economic situation arising
under policy interventions with a scenario representing the hypothetical situation where L488
does not exist. With a RDD approach, we can estimate the L488 funds effect if the treatment is
determined by whether an observed forcing variable (the score determining the position of the
project in the regional ranking) exceeds a known cut-off point. The critical assumption of this
method consists in the faculty of the forcing variable to determine the selection process by itself.
In the case of L488, this assumption in completely plausible, in effect the forcing variable (the

2 UE COMMISSION (2010).
® For a recent survey see Chapter 2 of GEFRA-IAB (2010).



score) is the only variable that determines the allocation of the subsidies. Nonetheless, the
standard RDD approach is not appropriate in evaluating the effectiveness of L488, because of the
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particular subdivision in regional “call-for-tenders”. Indeed, the L488 selection mechanism does
not determine a single ranking with one cut-off point, but every region in every year has got his
specific ranking with a cut-off point of the forcing variable depending on the number of applicants

and the amount of aid requested by the firms.

This peculiar configuration of L488 requires modifying the standard RDD technique. We propose a
novel approach, called multiple regression discontinuity design (henceforth MRDD), that extends
the RDD to a context where the treatment is assigned by multiple rankings with different cut-off
points. The main assumption is that, in each ranking, the best control group for the units just
above the cut-off is represented by the firms ranked just below the cut-off point (the ones that are
not treated). Only the not treated firms in the same ranking are the appropriate counterfactual.
However, we also assume that the average treatment effect on treated (ATT) does not depend on
the level of the forcing variables, i.e. on the differences in the cut-off points®. In this case a higher
efficiency in the estimation of the ATT is achieved by aggregating the ATT estimated in each
ranking. The MRDD consists in two different steps; firstly, a nonparametric estimation of the ATT
in each ranking is carried out; secondly, we aggregate the different first step estimates by a
weighting structure, where the weights are based on the share of treated units in each ranking.
The MRDD estimator mimics a matching estimator in a RDD context: we can define each ranking
as an “homogeneous strata”, determine the best matching in each ranking using a RDD approach
and computing outcome differences within “strata” using a specific cut-off point in each ranking,
and finally integrate such differences over the distribution of ranking in the treatment population
to retrieve the average ATT; as a matter of fact the new MRDD is a cross between the RDD and the
matching estimator.

Our analysis is based by and large on the same data sets used by Bronzini and de Blasio (2006),
and it covers also the same period (1995-2001). In order to strengthen the relevance of the
aggregated estimates, we compare our results with the ones obtained by pooling the data sets
and using parametric and nonparametric estimators®. Moreover, different robustness tests are
presented as suggested by Imbens and Lemieux (2008).

Using the MRDD approach, the impact of L488 on the growth of the financed firms is positive and
statistically significant: the investment increases from 6.5 to 7.7 percentage points higher every
year in the subsidized firms than in non-subsidized ones, the turnover increases yearly from 7.5 to
10.5 percentage points higher in favour of the subsidized firms, over the period 1995-2001.

The paper has been organised in the following way: the next section summarizes the literature and
available empirical evidence on the effects of L488. Section 3 describes L488 procedures in more
detail. The evaluation method is discussed in Section 4, followed by a presentation of the data set

“This assumption has been tested (see Section 4).
*The aggregate data set is a pooled version of the different datasets by regions and years, in which the observations of
each ranking under analysis have been first normalized, and then added up to produce a single ranking with only one
cut-off point (see Section 4).
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in Section 5. The results of the empirical analysis are discussed in section 6, while section 7
assesses the robustness of the results. Finally, we briefly conclude and define some path for future
research.

2. The previous literature

Recently, researchers have shown an increased interest in the problem of evaluating the impact of
public subsidies to private firms. Some analyses suggest that regional capital incentives can induce
additional investment in subsidized firms (Daly et al., 1993; Faini and Schiantarelli, 1987; Harris,
1991; Schalk and Unitied, 2000; Bondonio and Greenbaum, 2007; Criscuolo et al., 2009); others
argue that intertemporal substitution effects prevail (Bronzini and De Blasio, 2006). Also, the
employment impact of capital subsidies is doubtful (Gabe and Kraybill, 2002). Finally, the effect of
subsidies on efficiency and productivity seems negligible or negative (Lee, 1996; Bergstrom, 2000;
Harris and Trainor, 2005; Criscuolo et al., 2009).

Concerning the effectiveness of L488, after more than ten years of policy intervention, empirical
evidence remains mixed and contradictory. A positive effect of L488 on investment is found in the
Ministero dell’Industria (2000). Pellegrini and Carlucci (2001) and Carlucci and Pellegrini (2003)
present empirical evidence of a positive employment effect, using different parametric and non
parametric approaches. Adorno, Bernini and Pellegrini (2007) highlight a positive, but U-reversed
relationship between the amount of subsidies and employment and product. Bernini and Pellegrini
(forthcoming) evidence higher growth in output, employment and fixed assets in subsidized firms
but a lesser increase in Total Factor Productivity than in unsubsidized firms. The presence of a
modest spatial crowding out, where subsidized regions attract employment and firms from
neighboring areas, is tested in De Castris and Pellegrini (2011). Bronzini and De Blasio (2006)
investigate the presence of cross-sectional substitution (subsidized firms may receive some of the
investment opportunities that non subsidized firms would have otherwise had in absence of the
incentives) and intertemporal substitution (firms may have brought forward investment projects
originally planned for the post-intervention period in order to take advantage of the incentives).
The Authors find that financed firms have substantially increased their investments when
compared with the pool of firms whose applications have been rejected. They also show that
these firms have significantly tapered their investment activity in the years following the program,
confirming the L488 time substitution effect (see also Bernini and Pellegrini, forthcoming).

The effects of the L488 funds have been recently evaluated by three different econometric
methods: 1) the diff-in-diffs procedure used by Bronzini and de Blasio (2006); 2) the two-stage
matching estimator proposed by Adorno, Bernini and Pellegrini (2007); 3) the diff-in-diffs matching
used by Bernini and Pellegrini (forthcoming). The assumptions behind these techniques are hard
to hold; in fact the diff-in-diffs relies on the parallel trend assumption, while the matching
estimator relies on the conditional independence assumption®. The use of the sharp RDD for each

®See, inter alia, Blundell and Costa Dias (2009) for the description of the diff-in-diffs, of the matching estimator and of
the diff-in diffs matching estimator.
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region in each one of the auctions analysed allows to overcome these identification assumptions:
the method is locally equivalent to a random sampling procedure, and the internal validity (around
the cut-off) is high (Lee and Lemieux, 2010).

3. Law 488/92

Italy is among the European countries with the highest inequality in the distribution of the wealth
between different areas. In the recent years, different instruments have been introduced in order
to aid firms located in lagging areas. In 1996 the Ministry of Industry has introduced L488, which
has been the main policy instrument for reducing territorial disparities in Italy. In the period 1996-
2006, roughly 44,000 projects (over €23 billion) have been financed by L488. Most of this funding
has targeted Mezzogiorno, which comprises the least developed regions of Italy.’

L488 has been introduced in order to replace the ‘extraordinary intervention’ which was directed
to all investing firms located in the Southern regions. As a result, in Italy until 1995, subsidized
projects have never been selected basing on economic parameters and criteria. L488 has changed
the selection procedure, allocating subsidies through a rationing system based on “calls for
tender”, which mimic an auction mechanism, which guarantees compatibility of demand and
supply incentives.

L488 makes available grants on capital account for projects designed to build new productive units
in less developed areas®, or to increase production capacity and employment, increase
productivity or improve ecological conditions associated with productive processes, technological
updates, restructuring, relocation and reactivation.

The Italian Ministry of Industry stands over the whole selection process and determines the
specific deadline of each auction. After receiving the application form including the technical
report and business plan, the relevant authority performs a preliminary screening, evaluating the
funding eligibility of the project. Within four months of the deadline, the Ministry of Industry
publishes the rankings. The law requires that firms awarded assistance receive the first annual
instalment within two months. The amounts awarded are paid out in three equal instalments®. The
second and the third instalments are paid on the same date in subsequent years.

Incentives are allocated on the basis of regional competitive auctions. In each auction the
investment projects are ranked on the basis of five objectives and predetermined criteria:

7 L488 operates in the less developed areas of Italy. These areas are either designed as Objective 1, 2 or 5b for the
purpose of EU Structural Funds or subject to exemptions from the ban on state subsidies. Objective 1 refers to the
regions suffering from general underdevelopment, as reflected in GDP per capita that is less than 75% of the EU
average. Objective 2 is related to regions suffering from a concentration of declining industries, as reflected in higher
average unemployment, higher dependency on industrial employment and observable job losses in specific industries.
Objective 5b includes predominantly peripheral rural regions, as reflected in a high share of agricultural employment
and a low level of agricultural income.
& As will be explained in Section 5, we did not consider startups in our analysis.
° Only two instalments if the project is completed within 2 years.
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1) the share of owners’ funds on total investment;

2) the new job creation by unity of investment;

3) the ratio between the subsidy requested by the firm and the higher subsidy applicable;

4) ascore related to the priorities of the region in relation to location, project type and sector;
5) ascore related to the environmental impact of the project.

The criteria 4 and 5 were introduced starting from the 3™ auction. The five criteria carry equal
weight: the values related to each criteria are normalized, standardized and added-up to produce
a single score that determines the place of the project in the regional ranking (this normalized
score is the forcing variable used in the following analysis). The rankings are drawn up in
decreasing order of the score awarded to each project and the subsidies are allocated to projects
until funding granted to each region is exhausted™.

The five indicators that empirically represent the criteria are a clear expression of the policy
makers’ preferences. The value of the share of owners’ funds on total investment boosts
according to the quota of risk that the entrepreneur is disposed to accept. The purpose of the first
indicator is to promote the projects with greater commitment of the owners. As shown in
Parascandolo and Pellegrini (2001), the share is highly correlated to the economic and financial
situation of the firm: the more profitable firms choose to assign a higher share of own funds to the
project. Therefore, the subsidized firms tend to be ex ante more profitable (and more efficient)
than the non-subsidized ones. The new job creation by unity of investment is an important
indicator, used to re-equilibrate the negative substitution effect of the capital subsidy to the firm
labour demand. The policy makers express a preference for new projects and for labour-intensive
investments. In order to increase the probability to receive the subsidy, the firms can choose to
overshoot the optimal (i.e. the efficient) number of people to employ in the project. The amount
of aid requested by the firm, relative to ceilings established by the European Union, is the key
indicator that transforms the allocation procedure to an auction mechanism. The indicator aims to
‘reveal’ the minimum amount of subsidy regards by the firm as indispensable for the project
realization. In this way the firm can influence the likelihood of obtaining the incentive, self-
reducing the ‘rent’ granted by the subsidy, and the policy makers maximize the number of
subsidised investments given the financial resources available. This indicator consents to reduce
the welfare losses due to a unique subsidy rate, but it cannot completely extinguish the
deadweight loss''. The score related to the priorities of the region consents to the regions to direct
the subsidies towards the specific requirements of industrial policy. The score related to the
environmental impact of the project aims to promote the most environmentalist projects.

Yearly checks are made to control if subsidizes firms respect their targets (in terms of new
employment faced by the financed investment). If the firm doesn’t reach its goals, the financed
investment would be revoked and the firm has to return back the total amount received by the

° There are also special rankings for large projects and reserved lists for small and medium-sized firms.
" For a detailed description of the deadweight loss problem see Pellegrini and Carlucci (2003).
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L488. A tolerance threshold (30% of the total new employment) has been introduced to provide a
slight flexibility to firm investment.

L488 auctions have been issued on a yearly basis. Our analysis refers to the period 1995-2001 and
focuses on three of the four L488 auctions that were concluded by 2001. For these auctions the
treatment started and finished within the time span provided by the financial-statement data. The
timing of the assistance by auction is presented in Table 3.1:

Tab. 3.1 — Timing of the assistance

Auction Application Presumed time of | Presumed time of | Presumed time of
deadline the 1% instalment | the 2™ the 3™ (last)
instalment instalment
2 2/1997 7/1997 7/1998 7/1999
3 4/1998 10/1998 10/1999 10/2000
4 11/1998 5/1999 5/2000 5/2001

Source: Bronzini and de Blasio (2006)

However, in several cases administrative complications and technical and economic problems
have increased the time span of the project (estimated in 3.6 years by Bernini and Pellegrini
(forthcoming)).

The data relative to the auctions derive from two different data sets: the administrative L488 data
set of the Ministry of Industry and a financial-statement data set.

The estimation results that we present below are based on the assumption that there are no other
governmental programs correlated with the allocation of L488 funding. Actually, a feature of L488
minimizes the extent of this bias, requiring that firms applying for the incentives have to give up to
other public subsidies, without any guarantee of receiving the L488 funds.

4, The econometric evaluation procedure

If the L488 funds had been allocated by a random process, an optimal way to evaluate the impact
of the subsidies would have been a simple difference between the outcomes of treated and not
treated firms for each auction. Unfortunately the assumption of random assignment is not
credible when the policy instrument (such as L488) determines a deliberate selection process. If a
support programme selects firms in a non-random way, the participation is endogenous and the
projects are heavily selected. In order to avoid the selection bias and the omitted variable bias, the
policy effect should be measured as the difference between the result of a group of firms
composed by financed firms and the result of the same group in case the policy would not be
existed. Obviously the data relative to the latter group of firms are not directly available; therefore
the challenge is to find a valid control group.



In L488 case, the data regarding the firms applied for the incentives but not financed since they
scored low in the L488 ranking are available. These non-treated firms are firms willing to invest
which have a valid investment project checked by a preliminary screening. As a consequence, in
each ranking we can consider these firms as the best control group available; in fact, as suggested
by Brown et al. (1995), they show a propensity for investment very similar to that of subsidized
firms. Differently from randomised experiments, this control group is still not random, but we can
use a quasi-experimental method in order to minimize the selection bias.’> To verify the
similarities of these two groups of firms, in Appendix B we present mean and median pre-
treatment for investment and turnover of subsidized and non-subsidized firms. The evidence is in
favour of the random allocation of the subsidies for the 3™ and the 4™ auction, while for the 2™
auction seems that the treated firms are systematically larger than the not treated ones.

The particular configuration of the L488 dataset - for each auction, there are as many rankings as
the number of regions involved, and each ranking has a different cut-off point - is similar to the
one faced by Smith et al. (2007) in analysing the reemployment services system in Kentucky, and
the one addressed by Gamse et al. (2008) in evaluating the impact of Reading First, which is a US
federal education program. In these papers and in the empirical literature in general, there exist
two different approaches for exploiting the RDD in order to estimate the treatment effect across
different rankings. One consists in two different steps: first, estimating the treatment effect for
each ranking; second, pooling the treatment effects in order to get the global treatment effect of
the policy under analysis. The other approach pools observations from different rankings into a
single dataset re-centering and standardizing the forcing variable. Both methods compare the
economic scenario arising under policy interventions with what would have happened if the policy
was not implemented. We have chosen the first one because it exploits all the information
available from the dataset, increasing efficiency, but it relies on weaker assumptions than the
second approach®. However, we exploit the pooling approach as a robustness test.

The methodological approach we use can be named multiple rankings regression discontinuity
design (MRDD).* As we have a particular configuration of the L488 data set - for each auction,
there are as many rankings as the number of regions involved - we extend the RDD to a context
where the treatment is assigned by multiple rankings with different cut-off points. The main
assumption is that, in each ranking, the best control group for the units just above the cut-off

12 Some scholars have argued that the auction mechanism of the L488 is very poor at discriminating among applicant
firms. Indeed, Scalera and Zazzero (2000) and Del Monte and Giannola (1997) have observed that some of the
indicators on which the ranking is based are not under the direct control of firms participating in the call. As a result,
the actual allocation of subsidies among the pool of applicant firms may have followed a quasi-random assignment.
3 Pooling observations from different rankings could cause biases in the ATT due to the remarkable differences that
are possible between treated firms of different rankings.
“Deriving from a RDD approach, it is worth stressing that the MRDD results can be applied to each unit which has a
positive probability to be located near the relative cut-off point. Under certain conditions, the selection of units near
the cut-off point can be considered as a randomised experiment. Lee (2008) showed that if units are unable to
precisely control the forcing variable near the known cut-off point, variation in the treatment status in a
neighbourhood of the threshold is randomised, as in randomised experiments. Even when units have some influence
over the forcing variable, as long as this control is imprecise — that is, the ex-ante density function of the forcing
variable is continuous — the consequence will be local randomisation of the treatment.
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point is represented by the firms ranked just below the cut-off point (the ones that are not
treated). Only the not treated firms in the same ranking are the appropriate counterfactual.
However, we also assume that the ATT does not depend on the level of the forcing variables, i.e.
on the differences in the cut-off points™. In this case, aggregating the disaggregated estimates,
this method exploits all the available observations of the L488 merged data set; this feature of the
MRDD improves the efficiency of the estimation process, making the resulting ATT more reliable.

The MRDD consists in two different steps; firstly, we apply a sharp RDD* in each ranking,
exploiting the sharp discontinuity determined by the forcing variable; in this way, we obtain a
nonparametric estimation of the local ATT in each ranking. Secondly, we aggregate the different
first step estimates by a weight structure, where the weights are based on the share of treated
units in each ranking. The MRDD estimator mimics a matching estimator in a RDD context: we can
define each ranking as an “homogeneous strata”, determine the best matching in each ranking
using a RDD approach and computing outcome differences within “strata” using a specific cut-off
point in each ranking, and finally integrate such differences over the distribution of ranking in the
treatment population to retrieve the global ATT.

This method is perfectly operable, because each cut-off point is not known a priori by the firms
applied for the L488 incentives. As a consequence, there is not any degree of sorting and, as
suggested by Lee (2008), the actual allocation of subsidies among the group of applicant firms is
randomised in a neighbourhood of each cut-off.

Obviously, we can apply the MRDD on the L488 data set only if the forcing variable (the score
equal to the sum of the normalized indicators) is available. In this procedure the indicators are the
selection variables, i.e. the indicators can explain most part of the differences between the group
of subsidized firms and the group of non-subsidized firms; thereby the forcing variable is available,
and we can reconstruct the selection process, estimating the selection effect in the control group.

The use of MRDD for assessing the impact of L488 is however complex, because of the limited
number of observations near each cut-off point, which creates a trade-off between the interval
extension around the cut-off point and the statistical precision of estimates. Another potential
problem is the correlation among the auctions. However, the construction of the merged data set
has been done in the perspective of minimizing the interaction among the auctions (see Appendix
A); hence this key assumption can be considered quite reliable.

It could be possible that one firm which wins a project in one auction has some kind of positive
externality on other firms (e.g. increased supply) which then increases the choice probability of
related firms in the subsequent auction. In our analysis, the auctions considered, were very close
in time with respect to the average project time span. Therefore, even if supply or demand spill-
overs are theoretically possible, from an empirical point of view they can be negligible. We have

3 In order to test this assumption, we ran a regression to evaluate the potential dependence of the nonparametric
estimates of each ranking to the different cut-off points. The outcome of the regression is not statistically significant at
the 10% level, strengthening the reliability of this assumption.
' |In the sharp design, the treatment assignment is a deterministic function of the forcing variable. See Lee and
Lemieux (2010).
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also some empirical evidence: a recent paper'’ has explored the presence of spillovers generated
by subsidized firms considering the main regional development policies in the Southern regions of
Italy (L488 and Contratti di Programma®®). Results show that spillovers are small and negative
across areas (suggesting the presence of a modest spatial crowding out, where subsidized regions
attract employment and firms from neighbouring areas).

In this paper, we use the MRDD approach for estimating the ATT of L488 on the economic growth
of the subsidized firms. In particular we use two different dependent variables:

1) Yearly growth rate of the share of investment on turnover;
2) Yearly growth rate of turnover.

By comparing the average yearly growth rate of the share of investment on turnover and the
average yearly growth rate of turnover of firms receiving the L488 funds and non-beneficiaries at
the margin, we can control for confounding factors and identify the ATT locally at each threshold.

Let us briefly describe below the model at the basis of our analysis®. Let ¥;-(1) and ¥;-(0) denote
the potential outcome of firm fapplied for ranking?; where ¥;-(1) is the yearly growth rate of the
share of investment on turnover of subsidized firms and ¥;.(0) is the yearly growth rate of the
share of investment on turnover of non-subsidized firms. We are interested in the difference
¥,.(1) — ¥,.(0). Due to the problem of causal inference (Holland, 1986), we cannot observe this
difference at the unit level. For each unit i we observe only one of the two outcome, either ¥;,-(0)

or ¥;,.(1). Accordingly, we focus on average effects of the treatment.

Let K. denote the treatment variable, with K;. = 1 if the firm receives the subsidy and K;. = 0 if
the firm does not receive the subsidy. The outcome (yearly growth rate of the share of investment

on turnover) for firm I can be written as:

er(njlff{zr =0

Yir = [1 _Kir':]yir[ﬂ:] —|—K:-?,.y:-,,.[1:] - {Y- (1jiff{' =1

We consider a vector of pre-treatment variables Z;,, which are not affected by the treatment.
Within these variables, we isolate the covariate X;.: receiving the treatment (i.e. receiving the

L488 funds) is assumed to only depend on whether the level of X;,. is above or below the referring
threshold.

In our case, X is the sum of the indicators normalized for firm tapplied for ranking 7. Accordingly,

for a subsidized firm the value X, exceeds the relative cut-off point (5,)%:

7 De Castris and Pellegrini (2011).
'8 Regional policy designed for foreign firms with large projects.
This model uses the yearly growth rate of the share of investment on turnover as dependent variable, but it is easily
adaptable for the other dependent variable - yearly growth rate of turnover.
2 This is a case of ‘sharp MRDD’, as the treatment (receiving L488 funds) only depends on the level of X ...
10



K, =1{X, =5,.] with ¥, depending on the ranking.

Firms with X;.below the value 5, are assigned to the control group (firms not subsidized because
their scores were too low in the ranking). For finding evidence of an average causal effect of the
treatment, we need to verify a discontinuity in the conditional expectation of the outcome (yearly
growth rate of the share of investment on turnover)

liﬂ;l E[Yir |Xfr = x] - 111]:1 E[Yz‘r |Xz':"' = x]
=le,

=Ta,

In the case of sharp MRDD, the average causal effect of the treatment at each discontinuity point
is:

T:v_fw‘lll:| = E[yir[:]-j - Yz’r(ﬂj |Xz'r = ‘Er]
Of course, it is not possible to observe for each firm Iboth the values ¥, (1)and ¥;,.(0), neither to
use a matching method for comparing firm iwith a similar one (i.e. with similar values for all

covariates). This implies comparing the average value of yearly growth rate of the share of

investment on turnover for treated firms and non-treated firms at X,. = 5,

Accordingly, the average effect for each ranking writes as:
2P0 =lim E[Y, |X, = x] —lim E[Y, |X, = x]
xl&, xT&,
Given this, we need to estimate two limits, approaching each=,from left and right. Once computed

every estimated effect and each standard error, we need to aggregate these estimates in order to
obtain the general average effect of the subsidies on treated.

So, under the hypothesis of no correlation among the auctions, the global ATT of the L488 funds

("% and the standard errors(&) are computed as follows:

. —SMRD
MRDD _ Er=Rﬂnkings N?" =T
T = N H
|Er=REnkz’ngs N;: ® CI';: .
’

ﬂ' =
!

8 N*

218y design, there are no units with X = 5, for whom we observe ¥;(0). Thus, we exploit the fact that we observe
units with covariate values arbitrarily close toy. In order to justify this averaging we make a smoothness assumption
(i.e. that the relation between X and ¥ is smooth around 5:), known in the literature as ‘continuity of conditional
regression functions’.

E[Y. (011X = x] and E[¥, (1}]|X- = x] are continuous in X.

This assumption is stronger than required, as we will only use continuity atX; = %;, but it is not reasonable to assume

continuity for one value of the covariate X, Under this assumption:
Elv.(0)|%x =5] = limyss, E[V, 0k ==x] = limyg,, E[V.(0) 1K =0.%X =x] = L[Trga E[V lX, = x].

Thus, the value of the counterfactual outcome in X- = 5. is equal to the limit of the conditional expected value of the
outcome for non-treated firms. Similarly, for treated firms: E[Fr{l:] |Xr = §r] = “mxj.sr, E[¥, |Xr =z,
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where

7. is the standard error of each ranking,

N, is the number of subsidized firms applied for ranking T,

N is the total number of subsidized firms applied for one of the rankings under analysis.

Given the sensitivity of the results to the estimator and the bandwidth in the nonparametric case,
we will compare the MRDD results with the ones obtained through other two different analyses, in
order to evaluate the robustness of our conclusions.

These additional analyses concern a joined version of the dataset, in which the observations have
been first normalized, and then added up. This aggregation has been carried out re-centering and
standardizing the forcing variable to create a dataset with a unique cut-off point (where every 5, is
equal to zero), in order to analyse the general ATT of the subsidies with a simple sharp RDD. We
analyse this aggregated dataset both with a parametric and a nonparametric method. The
resulting estimates are meaningful under the assumption of a random allocation of the subsidies
to the firms ranked around the unique cut-off point. The latter one is a very strong assumption;
thereby we use these estimates merely to strengthen the relevance of the main analysis.
According to the notation introduced before, the general ATT of the L488 funds has been
computed as follows:

TP = ImE[Y X =x] —ImE[Y|X = x].
xls x=TF

Despite the use of two different methods (the sharp MRDD applied to the disaggregated data set
and the sharp RDD applied to the aggregated dataset), inference is still complex. Here, we use
local linear regressions with standard errors computed with the bootstrap*method in
nonparametric analyses, and the OLS estimator with robust standard errors in parametric
regressions, as suggested by Imbens and Lemieux (2008). Finally, we use the following robustness
tests (Imbens and Lemieux, 2008):

1) the presence of a discontinuity in the density function of each X, at the relative cut-off point (

X, = 5,), which could signal the existence of manipulations in the forcing variable by the firms;

2) the presence of other discontinuities in the forcing variables of each X,, which will make

weaker the assumption that each discontinuityT;«wR‘DD is an effect of the subsidies;

3) the presence of exogenous covariates with discontinuities at eachX, = 5,, which could

MRDD

determine the discontinuity of each outcome T,-  ~ at X, = 5,.,

22 Bootstrapping is the practice of estimating properties of an estimator (such as mean or variance) by measuring
those properties when sampling from an approximating distribution.
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5. Data and methodological issues

Our econometric analysis is based on the integration of two different data sets: the administrative
L488 data set of the Ministry of Industry and a financial-statement data set, collecting data from
AIDA and other sources of financial information. The first one records all the firms applied for at
least a L488 auction, both financed and non-financed. It provides us with information that is
important for our analysis, such as the firm ranking at the regional level and the timing of the
instalments. Unfortunately this data set lacks of financial and economic information, such as
investment and turnover; therefore we also need to use a financial-statement data set, which
collects financial statements only for corporations®. The integration between these two data sets
has required a complex process of cleaning and merging®. Combining these data sets permits us
to compare the change in the participating firms’ performance to a control group of firms applied
for the incentives, but not financed.

In our analysis we did not considered startups (both for subsidized and non-subsidized firms)
because their pre-treatment balance sheets are obviously not available.”

The financial-statement data set used in our analysis extends from 1995 to 2001, allowing us to
study the impact of the program over a period that includes pre-intervention as well as post-
intervention years of the first four auctions of L488. For these auctions the treatment started (with
the 1st instalment) and finished (with the 3rd instalment) within the time-window provided by the
financial-statement data. We focus below on the 2™, the 3, and the 4" auctions. These auctions
are ideal for our purposes since they occurred within the time span under analysis, thus providing
us with pre and post-intervention observations. The 1* auction has been excluded because it
included a transitory clause which allowed firms not eligible under the 1* auction of L488 to be
financed as well. We use data referring to the period 1995-2001 in order to compare our
estimates with the literature on L488.

By linking the L488 data set with the financial-statement data set, we reconstruct a merged data
set over the period 1995-2001 for 2,044 firms applied for “call of tenders” in the South of Italy.
The detailed construction of this sample is described in Appendix A. The time horizon is 6 years
and it ranges from 1995 to 2001, in order to verify the growth of the dependent variables in a wide
period of time. We have also decided to use this six-year time span to verify Bronzini and de
Blasio’s hypothesis (2006) about the presence of intertemporal substitution®.

Because of technical and logical motivations we have established that, in order to carry out the
econometrical analysis for each ranking, the presence of at least ten subsidized and ten non-

3 For this reason, it is skewed toward larger firms.
** \We merged the data sets using the fiscal and number of commerce codes as firm identifiers.
% |t is possible that the number of startups who apply for subsidies vary across regions, influencing the selection
procedure. We consider this number of startups exogenous to the location choice of the projects; thereby our
identification conditions are still satisfied. In other words, firms don’t know a priori the amount of startups in the
auction (region) where they apply, and then the choice to participate to a specific auction (region) is exogenous to the
selection mechanism (see also Bernini and Pellegrini, forthcoming).
% |t is possible that subsidized firms don’t make additional investments, but they just bring forward investment
projects originally planned for future periods.
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subsidized observations® is a pre-requisite. This criterion has caused the impossibility to evaluate
Basilicata and Molise; additionally it has been impossible to analyse Sicily in the 2™ auction,
Abruzzi, Calabria, and Sardinia in the 4™ auction®; consequently the rankings under analysis are
fourteen (five for the 2™ auction, six for the 3rd auction, and three for the 4" auction).

After verifying that the cleaning and integration procedures do not have a different impact on
financed projects and control group, the attention focused on the final data set on which the
evaluation model has been implemented®. It consists of 519 financed projects and 1525 non-
financed projects over the period 1996-1999. The composition of the merged data set is described
in Tab. 5.1.%

Tab. 5.1 — Composition of the merged data set

GLOBAL SUBSIDIZED AUCTION2 SUBSIDIZED
REGIONS NO YES REGIONS NO YES
Abruzzl 170 29 199 Abruzzl 67 16 83
Calabria 101 141 142 Calabria 35 22 57
Campania 515 208 723 Campania 59 103 162
Puglia 402 156 558 Puglia 64 68 132
Sardinia 76 26 102 Sardinia 27 14 11
Sicily 261 59 320 Sicily
1525 519 2044 252 223 475
AUCTION3 SUBSIDIZED AUCTIONS SUBSIDIZED
REGIONS NO YES REGIONS NO YES
Abruzzl 103 13 116 Abruzzl
Calabria 66 19 85 Calabria
Campania 279 56 335 Campania 177 419 226
Puglia 216 43 259 Puglia 122 45 167
Sardinia 49 12 61 Sardinia
Sicily 143 23 166 Sicily 118 36 154
856 166 1022 417 130 547

Let us briefly describe below some descriptive statistics concerning the auctions under analysis.
The amount of resources allocated in the 2™, the 3™, and the 4™ auctions is roughly €6.5 billion,
and of the 27,436 projects which have overcome the preliminary screening, 11,722 have obtained

7 Such criterion allows us to limit the problems due to sample of firms too restricted in order to be analysed by an
econometric method.
% |n order to verify the entity of the loss of these observations, we tested if the integration of these observations into
the aggregated data set modifies significantly the estimates of the ATT of both the dependent variables. The results
obtained from this widened aggregated data set support the hypothesis that the loss of these observations is not
critical; in fact they statistically do not differ from the ones obtained on the aggregated data set used in the analysis.
2 \We consider two different data sets (one per each dependent variable) and in each one, we trim the sample at the 5
and 95 percentiles respectively to the relative dependent variable.
0 For the 519 observations concerning the subsidized firms in the sample, it has been pointed out that the average
funding is roughly €560,000.
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the funding (42.7%). Among the subsidized projects, 65 per cent of the firms are located in the
Southern regions, for a total of €5.58 billion allocated by L488 (85% of the total funding).

6. Results

The estimation procedure starts with some graphical evidence. A simple way to evaluate the effect
of L488 is to plot the relation between each outcome variable (yearly growth rate of the share of
investment on turnover and yearly growth rate of turnover) and the forcing variable (sum of the
indicators normalized) by firms on either sides of the cut-off point. As pointed out by Lee and
Lemieux (2010), if there is no visual evidence of a discontinuity in the graph, it is unlikely the most
sophisticated regression methods will yield a significant policy effect. With the MRDD have been
analysed fourteen different rankings and it is impractical to graphically represent each and all;
thereby in this section we present two of the most representative rankings, Campania and Puglia
in the 2™ auction. Fig. 6.1 and 6.2 plot the respective rankings for both the dependent variables in
the period 1995-2001 by subsidized firms against the non-subsidized ones. In each graph, the cut-
off line sharply separates treated and not treated firms. Each figure superimposes the fit of a
nonparametric flexible polynomial regression model, together with the 95% confidence bands.

Fig. 6.1 — Yearly growth rate of the share of investments on turnover and yearly growth rate of
turnover in Campania for the 2™ auction with the 95% confidence bands
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Fig. 6.2 — Yearly growth rate of the share of investments on turnover and yearly growth rate of
turnover in Puglia for the 2" auction with the 95% confidence bands
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Fig. 6.1 and 6.2 clearly show that, on average, the subsidized firms grow more than the others, and
the effect is statistically significant at the 5% level. As a matter of fact, the presence of a
discontinuity at the cut-off point is supported by every graph. Each nonparametric regression line
shows a positive jump moving from the non-financed firms to the financed ones. The descriptive
evidence, using a graphical representation, suggests that there are discontinuities in the
investments and turnover growth between treated and not treated firms.

In order to provide some graphical evidence for the entire merged data set, we present other two
graphs relative to the aggregated data set, in which we exploit all the available observations.
Higher the number of observations, higher the precision of the estimates; so, in the following
graphs we expect a clear distinction between the confidence interval of the non-subsidized firms
and the confidence interval of the subsidized ones, in case the financed firms made additional
investment because of L488. Fig. 6.3 presents the yearly growth rate of the share of investment on
turnover, whilst in Fig. 6.4 is represented the yearly growth rate of turnover.
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Fig. 6.3 — Yearly growth rate of the share of investments on turnover for subsidized and non-
subsidized firms in the aggregated sample with the 95% confidence bands
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Fig. 6.4 — Yearly growth rate of turnover for subsidized and non-subsidized firms in the
aggregated sample with the 95% confidence bands*!
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3 Each point is an average of the dependent variable for each interval, which is 0.05 wide.
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The graphical analysis displays a possible and systematic difference between financed and non-
financed firms. To evaluate the extent of these differences, we use the MRDD on the
disaggregated sample. The standard approach is to use a local linear regression, which minimizes
the bias (Fan and Gijbels, 1996).

There are two key issues in implementing the estimation by a local linear regression: the choice of
the kernel and the choice of the bandwidth.

Different kinds of kernel are available.? We present our results using three different kernel
(triangular, Gaussian, and Epanechnikov).

A very delicate part of the analysis is the choice of the bandwidth. In a nonparametric RDD
estimation, it involves finding an optimal balance between precision (more observations are
available to estimate the regression) and bias (larger the bandwidth, larger the differences
between treated and not treated firms). Smaller bandwidths are feasible if the number of
observation is reasonably high. There are several rule-of-thumb bandwidth choosers, but none is
completely reliable. A recent contribution of Imbens and Kalyanaraman (2010) presents a data-
dependent method for choosing an asymptotically optimal bandwidth in the case of a RDD.

Imbens and Kalyanaraman (2010) define an optimal, data dependent, bandwidth choice rule
integrating a modified Silverman bandwidth rule:

oo 26°(e)/ fle) | N

T m2Ae) =@ () + (7 + 7))

where

&2(c) is the conditional variance,
f(€) is the estimation of density at cut-off point,
Cy is a constant that depends by the used kernel,
N is the number of observations,

ﬁ'f} c) and ﬁiﬂ[cjare the second derivates obtained fitting the observations in (c) with
X.e[cc+h],

7: and - are regularizations terms.

However, different bandwidth choices are likely to produce different estimates. We decided to
report three estimates as an informal sensitivity test: the first one using Imbens and Kalyanaraman

32 1t has been shown in the statistics literature that a triangular kernel is optimal for estimating local linear regressions
at the boundary (Fan and Gijbels, 1996), and therefore has good properties in the RD context. However, while other
kernels (Gaussian, Epanechnikov, etc.) could also be used, Lee and Lemieux (2010) argue that the choice of kernel
typically has little impact in practice (see also Imbens and Lemieux, 2009). The statement is basically true also in our
case.
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formula (the optimal bandwidth), the other ones reducing of 25% and increasing of 50% the
optimal bandwidth. The standard errors are estimated by a bootstrap procedure.®

The results of the application of the method we propose (the sharp MRDD) are presented in Tab.
6.1 and 6.2. As exposed in Section 4, this method consists in a disaggregated analysis of the data
sets, which provides nonparametric estimates of the dependent variables for every region in each
auction. In the first step we carry out every analysis for each ranking (the results are presented in
Appendix C); in the second step we apply the MRDD, which aggregates the first step estimates by
a weight structure, where the weights are based on the share of treated units in each ranking, in
order to retrieve the global ATT of the L488 funds, and the global results are shown in the tables
below.

The optimal bandwidths derive from a weighted procedure of the optimal bandwidths computed
for each ranking, and for this reason they are not numerically reported.

Tab. 6.1 — MRDD applied on the yearly growth rate of the share of investment on turnover (Local
Linear Regression of the differences between treated and not treated firms).

Local Linear Regression

Bandwidth Triangle Kernel Epanechnikov Kernel Gaussian Kernel
75% opt. bw. 0,0823 0,0743 0,072
(0.022)*** (0.016)*** (0.025)***
opt. bw. 0,0771 0,0656 0,0653
(0.0184)*** (0.014)*** (0.025)***
150% opt. bw. 0,0876 0,0589 0,0557
(0.0163)*** (0.0124)*** (0.0132)***

Note: Bootstrapped Standard Errors in parentheses. *, #*, #¥* = significant at 10%, 5%, 1% respectively.

Tab. 6.2 — MRDD applied on the yearly growth rate of turnover (Local Linear Regression of the
differences between treated and not treated firms).

Local Linear Regression

Bandwidth Triangle Kernel Epanechnikov Kernel Gaussian Kernel
75% opt. bw. 0,1405 0,1298 0,1128
(0.046)*** (0.035)*** (0.028)***
opt. bw. 0,1051 0,0882 0,075
(0.028)*** {0:025)*** (0.022)***
150% opt. bw. 0,1032 0,0921 0,0796
(0.027)*** (0.025)*** (0.023)***

Note: Bootstrapped Standard Errors in parentheses. ¥, ¥*%, #¥¥ = gignificant at 10%, 5%, 1% respectively.

% |n the bootstrapping procedure, for the rankings with more than 50 observations we used 100 repetitions, while for
the rankings with less than 50 observations we used 200 repetitions.
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The results obtained carrying out the sharp MRDD show that for each kernel and for every
bandwidth used, the effect of the L488 policy is positive and statistically significant at the 1% level
for both the dependent variables. Using the optimal bandwidth, the investment increases from 6.5
to 7.7 percentage points higher every year in the subsidized firms than in non-subsidized ones,
and the turnover increases yearly from 7.5 to 10.5 percentage points higher in favour of the
subsidized firms, over the period 1995-2001.

The aggregation process of the sharp MRDD has made possible the computation of the effect of
L488 on investment and turnover growth also for each single auction. Concerning the yearly
growth rate of the share of investment on turnover, the estimates show a positive effect of L488
for every auction, but this effect is statistically significant strictly for the 2™ and the 4™ auction.
With reference to the turnover, the estimates still show a positive effect of L488 for each auction,
nevertheless this effect is statistically significant at the 1% level only for the 2™ auction. Possibly
the lack of statistical significance in some single auctions is due to the smaller number of firms (in
presence of high variability, as common in firm’s performance analysis), which affects the
statistical significance of the estimates.

Given the sensitivity of the results to the estimator and the bandwidth in the nonparametric case,
we will compare the MRDD results with the ones obtained through two additional analyses (both
exploiting the sharp RDD) of the aggregated sample: a nonparametric one and a parametric one.
Tab. 6.3 and 6.4 show the results obtained with the nonparametric estimation of both the
dependent variables.

Tab. 6.3 — Nonparametric estimates of the aggregated data set estimates relative to the yearly
growth rate of the share of investment on turnover (Local Linear Regression of the differences
between treated and not treated firms).

Local Linear Regression

Bandwidth Triangle Kernel Epanechnikov Kernel Gaussian Kernel

1(75% opt. bw.) 0,0758 0,0645 0,0645
(0.0236)*** (0.0124)*** (0.0133)***

1,34 (opt. bw.) 0,0667 0,0636 0,0628
(0.0114)*** (0.0114)*** (0.0121)***

2 (150% opt. bw.) 0,0667 0,0578 0,059
(0.0169)*** (0.0107)*** (0.0111)***

Note: Bootstrapped Standard Errors in parentheses. *, %, ¥##% = gjgnificant at 10%, 5%, 1% respectively.
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Tab. 6.4 — Nonparametric estimates of the aggregated data set of the yearly growth rate of
turnover (Local Linear Regression of the differences between treated and not treated firms).

Local Linear Regression

Bandwidth Triangle Kernel Epanechnikov Kernel Gaussian Kernel
1,15 (75% opt. bw.) 0,096 0,0894 0,0918
(0.0391)** (0.0294)*** (0.0232)***
1,54 (opt. bw.) 0,1022 0,0843 0,0842
(0.0361)*** (0.0247)*** (0.0217)***
2,3 (150% opt. bw.) 0,0967 0,07 0,0728
(0.0306)*** (0.0214)*** (0.0199)***

Note: Bootstrapped Standard Errors in parentheses. *, %, ¥** = significant at 10%, 5%, 1% respectively.

The results obtained carrying out the sharp RDD with the aggregated sample are rather similar to
the ones obtained with the sharp MRDD. In fact using the optimal bandwidth, the difference
between the two groups of firms is 6-7 percentage points for the yearly growth rate of the share
of investment on turnover and 8-10 percentage points for yearly growth rate of turnover. The
other bandwidths show similar results for each dependent variable.

In these analyses we have used the whole merged data set, composed by 2,044 observations*.
Given the nature of the RDD, could be appropriated to shrink the sample in order to compare
exclusively the observation next to the cut-off point, both for financed and non-financed firms. We
have carried out other two analyses: the first one on a sample reduced by 50% of the
observations; the second one on a sample reduced by 75% of the observations. In both analyses,
the proportion between treated and not treated firms has been kept unchanged.

Also with these analyses, the estimates have been computed for three different bandwidths and
three different kinds of kernel for each dependent variable:

3 As pointed out in Section 5, this sample of firms has been trimmed at the 5 and 95 percentiles respectively to the
relative dependent variable.
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Tab. 6.5 — Nonparametric estimates of the aggregated data set of the yearly growth rate of the
share of investment on turnover with sample reduced by 50 and 75 percentage points (Local
Linear Regression of the differences between treated and not treated firms).

50% of the sample
Local Linear Regression

Bandwidth Triangle Kernel Epanechnikov Kernel Gaussian Kernel
0,62 (75% opt. bw.) 0,0968 0,0729 0,0746

(0.0276)*** (0.0199)*** (0.0192)***
0,82 (opt. bw) 0,0814 0,0758 0,0756

(0.0246)*** (0.0188)*** (0.0184)***
1,23 (150% opt. bw.) 0,0749 0,0782 0,0773

(0.021)%** (0.0182)*** (0.0178)***

Note: Bootstrapped Standard Errors in parentheses. *, ¥*, #*#¥ = significant at 10%, 5%, 1% respectively.

25% of the sample

Local Linear Regression

Bandwidth Triangle Kernel Epanechnikov Kernel Gaussian Kernel
0,32 (75% opt. bw.) 0,1222 0,1126 0,1111
(0.041)*** (0.031)*** (0.0274)***
0,43 (opt. bw.) 0,1193 0,1061 0,1079
(0.0366)*** (0.0312)*** (0.0264)***
0,64 (150% opt. bw.) 0,1158 0,1037 0,105
(0.0335)*** (0.0313)*** (0.0258)***

Note: Bootstrapped Standard Errors in parentheses. *, ¥¥, #*¥¥ = gignificant at 10%, 5%, 1% respectively.

Tab. 6.6 — Nonparametric estimates of the aggregated data set of the yearly growth rate of
turnover with sample reduced by 50 and 75 percentage points (Local Linear Regression of the
differences between treated and not treated firms).

50% of the sample

Local Linear Regression

Bandwidth Triangle Kernel Epanechnikov Kernel Gaussian Kernel
0,55 (75% opt. bw.) 0,01329 0,0986 0,1015
(0.0528)** (0.0369)*** (0.043)**
0,73 (opt. bw.) 0,0994 0,1105 0,1086
(0.0455)** (0.0354)*** (0.0398)***
1,1 (150% opt. bw.) 0,0975 0,1172 0,1148
(0.0389)** (0.0338)*** (0.0375)***

Note: Bootstrapped Standard Errors in parentheses. ¥, ¥, ¥¥#% = gignificant at 10%, 5%, 1% respectively.
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25% of the sample

Local Linear Regression

Bandwidth Triangle Kernel Epanechnikov Kernel Gaussian Kernel
0,22 (75% opt. bw.) 0,2381 0,1545 0,1594
(0.098)** (0.0545)*** (0.0611)***
0,29 (opt. bw.) 0,1956 0,1413 0,1483
(0.0826)** (0.0515)*** (0.0592)**
0,44 (150% opt. bw.) 0,1716 0137 0,1407
(0.0713)** (0.0486)*** (0.0584)**

Note: Bootstrapped Standard Errors in parentheses. *, *#, ¥** =gjgnificant at 10%, 5%, 1% respectively.

The estimates with the reduced samples, as well as the previous estimates, show a positive and
statistically significant effect of L488 on subsidized firms, for both the dependent variables.
Respective to the results obtained with the MRDD, these estimates are, on average, somewhat
higher both for investment and turnover.

We have tried to consolidate the significance of our estimates also using a parametric analysis of
the aggregated sample. The parametric approach can integrate the nonparametric one, assessing
the robustness of the RDD (in our case MRDD) estimates of the treatment effect.®® The choice of
the order of the polynomial can be assessed using some goodness-of fit criteria, like the well-
known Akaike information criterion (AIC) of model selection or the Bayesian information criterion
(BIC), where the penalty for additional parameters is stronger than that of the AIC.** The adoption
of these criteria corresponds to use a generalized cross-validation procedure.

The core variable is ‘Treatment Dummy’, which is equal to 1 if a firm receives the subsidy, and
equal to 0 if a firm does not receive the L488 funds. The variable ‘X’ is ‘sum of the indicators
normalized’, i.e. the forcing variable.

The results of OLS estimates with heteroskedasticity-robust standard errors on the full sample,
adding different polynomials, are presented in Table 6.7 for the investment and in Table 6.8 for
the turnover. The BIC criterion chooses for both dependent variables the simplest specification,
just a comparison of annual average growth rate on the two sides of the cut-off point.

% Lee and Lemieux (2010) argue that, in the case of polynomial regressions, the equivalent to bandwidth choice in the
nonparametric regression is the choice of the order of the polynomial regressions. Therefore it is advisable to try and
report a number of specifications to see to what extent the results are sensitive to the order of the polynomial.
% Schwarz (1978).
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Tab. 6.7 — Parametric estimates of the aggregated data set of the yearly growth rate of the share

of investment on turnover.

Eq.1 Eq.2 Eq. 3 Eq.4 Eq.5 Eq. 6
dep. var.: yearly growth rate of the share of investment on turnover
Constant 0,0251 0,0507 0,0033 -0,0697 -0,0393 -0,0645
(0.0121)* (0.0025)** (0.012)*** (0.0228)** (0.0293) (0.0275)**
X 0,0026 0,0048 0,0228 0,0151 0,0212
(0.0013)* (0.0013)™* (0.005)*** (0.0074)** (0.0071)"**
x -0,0010 -0,0006 -0,0009
(0.0003)*  (0.0004) (0.0004)**
Treatment ;305 00485 02224 00518 01410  0,5999
Dummy
(0.0078)*+** (0.006)*** (0.0545)*** (0.009)**+  (0.088) (0.3481)*
Treatment
Dummy*X -0,0144 -0,0074 -0,0736
(0.00471)*** (0.0072) (0.0476)
"1"1'|eatrnlerl’t2 0,0024
Dummv*X
(0.0016)
R-squared 0,0456 0,0437 0,0528 0,0529 0,0534 0,0546
RMSE 0,0970 0,0971 0,0967 0,0967 0,0967 0,0967
AIC -3203.20 -3201.86 -3214.48 -3214.66  -3213.62  -3213.97
BIC -3186.79  -3193.92 319260 -3192.78 -3186.27 -3181.15

Tab. 6.8 — Parametric estimates of the aggregated data set of the yearly growth rate of turnover.

Eq.1 Eq.2 Eq.3 Eq. 4 Eq.5 Eq. 6
dep. var.: yearly growth rate of turnover
Constant 0,1303 0,109 0,1184  0,1049 0,173 0,1556
(0.0303)* (0.0052) (0.0333)*> (0.067)  (0.1042)  (0.1153)
X .0,0022 00,0000 0,0031  -0,0139  -0,0098
(0.003) (0.0033)  (0.0124)  (0.0228)  (0.0255)
G 0,0003 0,000/  0,0005
(0.0006)  (0.0012)  (0.0014)
fecatment 0,0583 0,0507 0,1433 0,0611 0,2448 0,5107
Dummy
(0.0158)*** (0.0115)*** (0.1031) (0.0169)*** (0.2047)  (0.6518)
Tocatmen -0,0067 0,0153  -0,0538
Dummy*X
(0.0079) (0.0168)  (0.09)
Treatment
i 0,0014
Dummy*X
(0.0032)
R-squared 0,0129  0,0126 0,0133 0,0130 0,0136 0,0137
RMSE 0,1963 0,1962 0,1963 0,1963 0,1963 0,1964
AIC 739.16  -740.6  -737.94 73738 73633  -734.53
BIC 72272 72964 71602 71546 70893  -701.65
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The effect is positive, statistically significant at the 1% level, equal to 5 percentage points per year
for both dependent variables, smaller than in the MRDD. For the investments, the AIC criterion
chooses a specification with a linear and a quadratic term, and the jump is again statistically

significant.’’

7. Robustness Proofs

Following Imbens and Lemieux (2008), we assess the robustness of our results adopting various
specification tests:

- Testing for possible discontinuities in the conditional density of each forcing variable (sum
of the indicators normalized) at the relative cut-off point;

- Testing whether the outcomes are discontinuous not only at the cut-off point but also at
other values of the forcing variable for each dependent variable;

- Testing for possible jumps in the value of other exogenous covariates at each cut-off point.

Testing for discontinuities in the conditional density of each forcing variable at the relative cut-off
point is related to the possibility of manipulations of the forcing variable. If firms can manipulate
the forcing variable in order to obtain desirable treatment assignments (that is, in our case, they
have a great deal of control on some of the indicators), one would certainly expect firms on one
side of the cut-off to be systematically different from those on the other side. However, Lee (2008)
shows that if individuals do not have precise control over the forcing variable, variation in
treatment status will be randomized in a neighbourhood of the cut-off. In this case the RDD (in our
case the MRDD) can be considered “as good as” a local randomly assignment. In the allocation of
the L488 funds, the selection process leads to a high degree of uncertainty over the assignment
results. The cut-off point is not fixed, and it depends on the region and the auction under analysis.
This cut-off point is known only after the availability of the data referring to all firms. In addition,
the Ministry of Industry has a strict control over the procedure estimating the indicators.

The evidence of a jump in the conditional density of each forcing variable can be a test of the
imprecision of control over the forcing variable, as suggested in McCrary (2008): if there is some
degree of sorting of the firms around the threshold, the appropriateness of the RDD (in our case
MRDD) in this contest is dubious. In Figure 7.1 we present a formal test of manipulation related to
continuity of the forcing variable density function proposed by McCrary (2008). We present here
in Figure 7.1, 7.2 and 7.3 a kernel estimate of the density function of each forcing variable with the
95% confidence bands, following McCrary (2008). For each ranking, the weak discontinuities
around the cut-off point are not statistically significant.

37 In the spirit of the RDD we also estimated the treatment effect in a restricted sample around the cut-off point. We
excluded the lower half (in term of the forcing variable) for the non-treated firms and the higher half for the treated
firms, halving the sample. The BIC and the AIC criteria choose for both the dependent variables the simplest
specification. The treatment effect is positive, statistically significant and equal to 5 and 6.7 percentage points per
year, respectively for investment and turnover.
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Fig. 7.1 — Estimated densities of each forcing variable at the relative cut-off (2" auction)
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Fig. 7.2 — Estimated densities of each forcing variable at the relative cut-off (3™ auction)
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Fig. 7.3 — Estimated densities of each forcing variable at the relative cut-off (4™ auction)
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Another robustness test verifies that there are no extra jumps in the levels of the outcomes,
where no hypothesized cut-off exists. The approach used here consists of testing for a nil effect in
different points of the forcing variables.

In Tab. 7.1 and 7.2 we test the effects using the triangular kernel and the optimal bandwidth for
both the dependent variables. Given the limited number of observations in certain rankings, it has
been impossible to estimate every cut-off point. It is important noticing that most of the
statistically significant discontinuities are relative to the hypothesized cut-off point (i.e. zero)*, for
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Tab. 7.1 — Test of different cut-off points of the forcing variables for the yearly growth rate of

the share of investment on turnover.

Dep. Var.: Yearly growth rate of the share of investment on turnover

Cut-off point
Regions -2 -1 0 1 2
Abruzzi 0.0042 0,0266 0,1377 -0.0409 NA
. (0.0332) (0.0348) (0.0578)** (0.0405)
U Calabria -0.0169 0,1104 -0,0640 0,2007 0,1459
C (0.0540) (0.0744) (0.1039) (0.1057)* (0.0884)
T Campania -0,0606 0,0037 0,2526 0,0235 -0,0556
o (0.1291) (0.0295) (0.0457)*** (0.0491) (0.0589)
M Puglia -0,0014 -0,0202 0,1173 0,0312 -0,1138
(0.0813) (0.0363) (0.0532)%* (0.0449) (0.0846)
: Sardinia -0,0603 -0,0402 0,2089 -0,1092 NA
(0.0682) (0.0324) (0.1039)** (0.0724)
Abruzzi -0,0132 -0,0132 -0,1259 0,0340 NA
(0.0551) (0.0698) (0.0606)** (0.0236)
A Calabria 0,0748 -0,0298 -0,0205 NA NA
u (0.0510) (0.0440) (0.0758)
c Campania -0,0287 -0,0467 0,0346 0,0625 -0,0420
T| (0.0335) (0.0248)* (0.0455) (0.0421) (0.0522)
0 Puglia 0,0694 0,0252 0,0174 0,0554 0,0267
N (0.0423) (0.0300) (0.0416) (0.0753) (0.0531)
Sardinia 0,1087 -0,0121 -0,0880
3 MNA MA
(0.0796) (0.0582) (0.0987)
Sicily 0,0372 -0,0507 -0,0875 0,01594 -0,2534
(0.0367) (0.0497)* (0.0832) (0.0817) (0.1842)
A Campania -0,0046 0,0203 0,0978 -0,1754 0,0193
v (0.0260) (0.0303) (0.0425)** (0.0945)* (0.0718)
$ 4 Puglia 0,0521 -0,1179 0,0890 0,0122 -
| (0.0381) (0.0373)*** (0.0404)** (0.0430)
o) Sicily 0,0220 -0,0513 0,1270 -0,1503 -0,0474
N (0.0512) (0.0438) (0.0559)** (0.0688)** (0.0931)

Note: Bootstrapped Standard Errors in parentheses. *, **, *** = significant at 10%, 5%, 1% respectively
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Tab. 7.2 - Test of different cut-off points of the forcing variables for the yearly growth rate of

turnover.
Dep. Var.: Yearly growth rate of turnover
Cut-off point
Regions -2 -1 1] 1 2
Abruzzi -0,2263 0,0187 -0,0837 -0,2195 NA
" (0.1811) (0.0898) (0.0988) (0.8792)
U Calabria -0,3548 0,0263 0,1194 0,2842 0,0538
C (2.17) (0.0995) (0.2639) (0.2307) (1.79)
-Ir Campania 0,1759 0,00596 0,1520 0,0964 -0,0361
i (0.2741) (0.0615) (0.0869)* (0.1231) (0.0693)
M Puglia -0,0060 -0,0159 0,5098 -0,0280 -0,0354
(0.3649) (0.0840) (0.1428)*** (0.1867) (0.1378)
A Sardinia -0,1375 0,0054 -0,0033 -0,0261 NA
(0.2394) (0.1051) (0.1270) (0.1144)
Abruzzi -0,1475 0,0513 0,0867 -0,1124 i
(0.1217) (0.1235) (0.1605) (0.2431)
A Calabria 0,1857 0,0562 0,2751 HA i
u (0.1278) (0.1767) (0.1270)**
c Campania 0,1253 0,0143 0,0849 -0,0295 0,2762
T| (0.0496)** (0.0495) (0.0858) (0.0820) (1.02)
0 Puglia -0,0656 0,0371 00,1059 -0,0552 0,2342
N (0.0704) (0.1045) (0.1069) (0.1339) (0.1622)
Sardinia 0,0257 0,1282 0,0331
3 (0.1419) (0.2007) (0.2041) i A
Sicily -0,0627 -0,2761 -0,1917 -0,0225 -0,4922
(0.0635) (0.2063) (0.1397) (0.1925) (0.3708)
A Campania -0,0530 -0,1324 0,0130 0,0020 0,3769
u (0.0833) (0.0848) (0.0725) (0.1736) (0.1482)**
g . Puglia -0,0397 -0,3615 0,1054 0,2530 -
, (0.0925) (0.2386) (0.0495)** (0.1405)*
0 Sicily 0,1740 -0,1962 0,0193 -0,0055 -0,3515
N (0.0913)* (0.0857)** (0.0836) (0.1233) (1.01)

Note: Bootstrapped Standard Errors in parentheses. *, ¥*, *** = significant at 10%, 5%, 1% respectively

An important test regarding the assumptions underlying the sharp MRDD consists in verifying that
there are no jumps at the cut-off point in variables that should not be affected by the treatment.
The absence of discontinuities around the threshold supports the causality relation between the
jump in the outcome variable and the treatment. We look at possible jumps in the value of two
exogenous covariates - a financial one, and a covariate related to the labour market - at the cut-off
point, using a nonparametric local linear regression with the triangular kernel. The results are
presented in Table 7.3.
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Tab. 7.3 — Nonparametric estimates using other covariates (one-side local linear regression at

the cut-off).

Exogenous Covariates
ratio hetween
Regions financial burdens and labour cost (1995)
liahilities (1995)

Abruzzi -0,0426 300,48

A (0.3595) (307.88)
u Calabria -1,3408 -52,56
< [3.0157) (92.91)
'lr Campania -0,0815 271,12
D (0.1627) {257.82)
N Puglia -0,0651 354,55
(0.2595) (330.01)

- Sardinia 0,2517 -690,83
(0.5906) {920.08)

Abruzzi 0,1117 -247,08

(0.2222) (331.18)

A Calabria 0,1638 51,45
U (0.2178) (121.62)
c Campania 0,0422 33,80
TI (0.0978) (242.46)
o Puglia 0,0864 635,61
N (0.3470) (455.23)
Sardinia 0,8268 -272,91

3 (0.3836)** (611.38)
Sicily 0,5261 -150,85

(0.3805) (176.58)

A Campania -0,2613 -242,88
U (0.1678) (207.51)
g M puglia -0,4381 -50,78
L (0.1885)** (85.25)
: Sicily 0,2371 -11,58
b (0.0982)** (500.76)

Note: Bootstrapped Standard Errors in parentheses. ®, %, *** = significant at 10%, 5%, 1%

respectively.

Overall we detect only three statistically significant discontinuities out of twenty-eight tests. So,
also the third robustness proof confirms that the L488 selection process has been carried out
without significant irregularities.
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8. Conclusions

The aim of this paper is to develop a novel approach to evaluate causal effects of L488 on two
different outcome variables — yearly growth rate of the share of investment on turnover and
yearly growth rate of turnover - in a RDD framework. We take advantage of the quasi-
experimental procedure indicated by the RDD, in order to exploit the discontinuity points of the
forcing variable, created by the auction mechanism of L488. After an accurate and complex
process of merging, we use the sharp RDD for each region in each one of the auctions analysed,
afterwards the estimates are aggregated and weighted through the innovative sharp MRDD (see
Section 4).

The results show a positive and statistically significant effect of the L488 funds on the yearly
growth rate of the share of investment on turnover and on the yearly growth rate of turnover. The
investment increases from 6.5 to 7.7 percentage points higher in the subsidized firms than in non-
subsidized ones, whereas the turnover increases from 7.5 to 10.5 percentage points higher in
favour of the subsidized firms, over the period 1995-2001. These estimates are statistically
significant and robust to different bandwidths and kernels. The parametric and the nonparametric
analyses on the aggregated data set, confirm the extra investment caused by L488. The results
show that L488 has achieved the targets selected by the policy makers. The subsidized firms have
invested more than they usually would, and they have increased the production more than the
non subsidized firms. The positive impact of subsidies on firm growth is also consistent with most
of the literature. The effect on turnover is higher to the estimates presented in Bernini and
Pellegrini (forthcoming) (2-3% on annual base), using a DID matching, whereas the effect on
capital accumulation are similar (around 11%). The effect on capital accumulation is larger than
what is reported in Bronzini and Di Blasio (2006). They show an almost nil cumulative effect of
subsidized investment on assets after five years, whereas in our study the average increase in
assets is positive and significant, even if measured over a shorter period. Unfortunately, effects of
L488 over a longer period cannot be estimated in our dataset, because of the financial-statement
data set end in 2001. As a consequence it may not be feasible to fully disentangle the substitution
effects; in addition, this limited time span has not allowed us to analyse the auctions started after
1999. Even the analysis shows a strong evidence of additional investment and product induced by
the policy, the long—run effects on firms’ competitiveness cannot be assessed. Some empirical
evidence suggests that this positive effect on firm output is mainly in the short term (Bernini and
Pellegrini, forthcoming).

Concerning the validity of our results, the methodological approach we used and the L488
characteristics limited the external validity®’; on the other hand the subsidies allocation
mechanism is a source of high internal validity for our results.

¥ The methodological implication in using a MRDD is that new firms’ performances cannot be evaluated. Moreover,
our sample is restricted only to firms with a meaningful balance sheet (we use only corporate enterprises already
active at least one year before the auction) that applied to an auction in the southern regions. Therefore our results
can hardly be extended to very small firms and to policy interventions in other (more developed) areas, like the
northern regions of Italy.
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There are two aspects that are left out for future research: a methodological one, related to the
use of a hierarchical model able to control for the correlation among different auctions; an
empirical one, in which are analysed the macro effects of L488 in the long run, in order to verify if
L488 has been able to activate growth processes self-propulsive on the Italian lagging areas.
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A.1 Data description

The initial financed projects group (treated group) consisted of all the subsidized projects
according to the rankings under analysis. Projects were eligible for control group if were admitted
to evaluation to the regional auctions but not financed. After the merging procedure the total
number of firms under analysis was 5,651 (1,178 firms for the 2" auction, 2,710 firms the 3"
auction and 1,763 firms for the 4™ one). Then, we have proceeded with the removal of certain
categories of observations:

- Concerning duplicate projects — i.e. applications for more than one auction — we have
decided to exclude the non-financed ones, if in another auction the referring firm has
received the grant (in this case the financed one has been added to the treated group); on
the other hand we have opted for keeping these projects inside the control group, if the
referring firm has never been subsidized.

- Startups.

- Projects that presented anomalies and irregularities® have not been considered.

- Firms with non-positive values for turnover.

- Financed projects whose investment program has not yet concluded have been discarded.

- Programs started (or scheduled to start) before the year preceding the publication of the
auction, belong to another group of discarded projects. Since their activation cannot be
directly linked to L488, these projects must be regarded as anomalous.

- All the projects started (scheduled to start) after 1999 have been discarded: this choice has
been motivated by the impossibility to evaluate the projects, missing a sufficient temporal
lag with project information after its conclusion.

- The disadvantaged areas located in North-Centre of Italy have been excluded from the
analysis, because of the economical gap between the southern regions and the rest of
Italy. In fact, L488 aims to finance the firms located in the less developed areas of Italy,
thereby the concentration of the funds in North-Centre of Italy is rather limited. In
addition, the circumscribed territorial extension of the Objective 2 and 5b areas allows the
neighbouring firms to delocalise their industrial plants into these areas just in order to
exploit the L488 funds, carrying out projects that would have also been realized without
L488.

At the end of these procedures the merged data set is composed by 2,044 observations (see
Tab. 5.1).

0 We have decided to exclude from the analysis the subsidized firms at which the Ministry of Industry has revoked
more than 20% of the L488 funds.
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A.2 Mean and Median pre-treatment for subsidized and non-subsidized firms

Turnover 1995

Investment 1995

Mean Median Mean Median
o A Subsid 23,225.82 5,729.68 7,769.43 1,901 .45
A ~ Non-Subsid 6,599.31 2,201.86 1,985.05 529.02
U i Subsid 3,445.61 2,12475 551.10 158.84
E ~—  NonSubsid 325754 1,383.50 617.66 150.78
TI . Subsid 4,597 39 1,852.53 1,426.75 355.66
0 Non-Subsid 2,608.25 1,291.42 813.11 341.85
N ki Subsid 484375 1,294 77 1,506.25 341.85
Non-Subsid 2,092 23 1,057 77 577.76 115.10
2 dardinia Subsid 3,101.75 1,855.99 9596.96 502.99
— Non-Subsid 2,891.04 2,034.97 981.20 422.42
. N Subsid 6,168 67 2,152.37 1,354.84 754.48
— Non-Subsid 7,44027 1,838.15 1,731.82 662.98
A e Subsid 2,519.29 1,17057 458.26 338.97
u — Non-Subsid 1,289.32 1,040.50 529.80 156.54
: s Subsid 3,485.21 1,251.13 1,161.28 214,66
: Non-Subsid 4,109.77 1,149.85 980.20 277.39
0 Puglia Subsid 3,485.45 1,058.34 724.30 219.27
N Non-Subsid 3,058.79 1,157.91 561.86 16517
I Subsid 3,084.38 1,767.94 1,022 86 45522

3 Sardinia _
Non-Subsid 3,144 15 1,057 77 968.12 405.15
Sicily Subsid 2,482 03 1,159.63 401.91 97.84
MNon-Subsid 3,408.73 1,17575 926.97 21524
A . Subsid 2,638.45 978.35 477.10 13467
o Campania Non-Subsid ~ 3,253.27 1,037.05 775.49 144 45
: Puglia Subsid 1,271.85 1,043.96 449.90 116.25
| Non-Subsid 2,780.76 1,052.01 432 58 136.97
0 s Subsid 2,833.04 1,296.03 487 64 17265
N B Non-Subsid 2,990.37 1,238 48 929.78 164.59
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A.3 First step estimates of the MRDD

Dep. Var.: Yearly growth rate of the share of investment on turnover

Subsidized opt. bw. 150% opt. bw. 75% opt. bw.
Regions YES NO Tri Epa Gau Tri Epa Gau Tri Epa Gau
Abruzzi 62 14 | 0.1377 0.0787 0.0820 0.1103 0.0642 0.0693 0.1591 0.0559 0.0571
A (0.057B)** [0.0499) (D.0479)* [0.062)* (0.045) (0.046) (0.0803)** (0.0591)* (D.056)*
u |Calabria 29 20| -0.0638 0.0341 0.0241 -0.0172 0.0539 0.0442 0.0027 -0.0008 0.0027
c (0.1039)  (0D.0BY7)  (0.0897) (0.073) (0.081) (0.079) (0.0983)  (0.099)  (0.0983)
-Ir Campania 53 94| 02526 0.1001 0.1077 0.1880 0.0923 0.0947 0.2792 0.1483  0.1400
0 (0.0457)+* (0.0414)°* (0.0479)** |[0.048)=** [0.035)*** [0.043)** |[0.051)*** (0.04B6)*** (0.0514)***
Mo |Puglia 38 59| 01173 0.0727 0.0786 0.0858 0.0887 0.0824 0.1562 0.0727 0.0784
(0.0532)** (D.0334)** (D.032)** (0.0405)** (0.0274)***(0D.0288)*** [((D.0596)*** (D.0387)* (0.0346)**
2 Sardinia 23 13| 0.2089 0.2141 0.1925 0.2525 0.0992 0.1158 0.2360 0.2311 0.2258
(0.1039)** [(0.11%4)* (D.109%)* [0.135)* [0.105) [0.092) (0.1193)** ([0.1512) (D.1321)*
Abruzzi 94 12| 0.1259 -0.13% -0.1380 0.1352 01357 0.1391 -0.1319 -0.13%0 0.13532
(D.0606)** (D.04B6)*** (0.0474)*** | (0.D4B)*** (D.044)*** (D.D45)*** [0.0852)* (0.D536)*** (0.0503)*=*
A Calabria 56 16 | 0.0205 0.1240 0.1138 0.0806 0.1093 0.1082 0.0409 0.1212 0.1033
u [0.0758) (0.084) [0.076) [0.075) [0.076) [0.075) (0.1848) [0.0955) [0.0759)
C |Campania 251 51| 0.0346 0.0563 0.0548 0.0470 0.0591 0.0552 0.0271 0.0506  0.0511
-Ir [0.0455) [0.0312) [0.0317) [0.037) [0.02B)** (0.027)** [0.0557) (0.0346) (0.0354)
g |Puglia 157 39| 0.0172 0.0360 0.0331 0.0278 0.0370 0.0338 0.0313 0.0335 0.0311
M {0.0416)  (D.0387)  (0.0352) {0.036) {0.037) (0.034) (0.0502)  (D.0403)  (D.0365)
Sardinia 47 11| 0.0880 0.0081 0.0046 0.0132 0.0059 0.0057 -0.0122 0.0004 -0.0051
3 [0.09B87) [0.0711) [0.0516) (D.08) [0.042) (0.041) [0.1569) [0.0769) [0.0665)
Sicily 131 22| 0.0875 -0.0170 -0.0138 -0.0354 -0.0081 -0.0107 -0.0113  0.0223  -0.0276
[0.0832) (0.0415) (0.0406) [0.063) (0.034) [0.035) [0.0687) [0.0512) (0.048)
A Campania 163 44 | 0.0978 0.0834  0.0853 0.0855 0.0860 0.0860 0.0565 0.0851 0.0871
u (0.0425)°* (0.0294)*** (0.0284)*** | (0.036)** (0.027)*** (0.026)*** | (0.048)° (0.0315)***(0.0317)***
_Cr % Puglia 110 41| 0.0850 0.0587  0.0642 0.0881 0.0484 0.0534 0.0829 0.0745 0.0757
l (0.0404)** (D.0349) (0.0318)** [0.036)** (0.034) [0.031)* [0.0449)* (0.0354)** (0.0331)**
o Sicily 98 31| 0.1270 0.1123 0.1169 0.1336 0.0979 0.1012 0.1083 0.1332 0.1274
M (0.0559)** (0.0514)** (0.0488)** | [0.054)** (0.043)** (0.044)** | (0.0577)* (0.0537)** (0.0507)°*

MNote: Bootstrapped Standard Errors in parentheses. ®, **, *** = significant at 10%, 5%, 1% respectively
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Dep. Var.: Yearly growth rate of turnover

Subsidized opt. bw. 150% opt. bw. 75% opt. bw.

Regions  YES NO Tri Epa Gau Tri Epa Gau Tri Epa Gau
Abruzzi 64 13 | 0.0837 0.009% -0.0004 -0.0488 0.0145 0.0120 0.0725 0.0098 -0.0232

A (0.0988)  (0.0593)  (0.0574) (0.0B24) (0.05) {0.0521) (0.1145) (0.0B44)  (D.0662)
U |Calabria 30 18| p.1194 0.1204 0.1183 0.1355 0.0916 0.0928 0.1182 0.1338 0.1204
c (0.2639)  (0.1488)  (0.1343) (0.1361)  (0.1312)  (D.11B5) (0.3033) (0.1588)  (D.1426)
'Ir Campania 31 93| 0.1520 0.1356  0.1387 0.1523 0.1182 0.1246 0.1609 0.1532 0.1463
a (0.0B69)* [(0.0637)** (0.0649)*+ [(0.0764)** (0.0597)** (0.059B)** | (0.0973)* (0.0710)** (0.0691)**
N |Puglia 61 58 | 0.5098 0.2726  0.2860 0.2342 0.2441 0.2454 0.5965 0.3272 0.3303
(0.1428)*** (0.1032}*** (0.1108)*** | (0.12)*** (0.0B49)*** (D.0967)** |(0.197)*** (0.1206)*** (0.1222)***

2 Sardinia 22 13| 0.0033 -0.0767 -0.0493 0.0215 -0.0598 -0.0522 -0.0101 0.0153 -0.0171
(0.127) (0.1147)  [0.1361) (0.0984)  [0.O767)  (D.0B52) (0.1543)  (0.104)  (D.1445)

Abruzzi 97 11| 0.0867 0.0626 0.0630 0.0850 0.0534 0.0555 0.0516 0.0778 0.0781
(0.1605)  (0.1215)  (D.1122) (0.1271)  (0.1182)  (0.1073) (0.2134) (0.1268)  (0.1208)

s |Calabria 58 16| 0.2751 0.1664 0.1886 0.2200 0.1568  0.1823 0.2384 0.1785  0.2000
U (0.1270)** (0.1306) (D.1109)* (0.12%6)= (01127}  (0.02%)° (0.1548)  (0.131B) (D.11B1)*
L |Campania 245 52 | (,0849 0.0656 0.0666 0.0713 0.04561 0.0435 0.0892 0.0634 0.0756
T (0.0858)  (0.0616)  (D.0577) (0.0728]  (0.0568)  (0.0513) (0.0967) (0.0647)  (0.0608)
o |Puglia 2001 37| 0.1059 0.1014 0.0945 0.0886  0.0934  0.1007 0.1224 0.0876  0.0909
M (0.1069)  (0.0B55)  (D.0704) (0.0886]  (0.0618)  [0.0675) (0.1312) (0.072) (0.075)
Sardinia 44 10 | 0.0331 0.1092 -0.0856 0.0381 -0.0870 -0.0507 0.0448 -0.0732 -0.0664

; (0.2041)  (0.1309)  (D.0827) (0.0938]  (0.0758)  (0.0748) (0.2195) (0.1312)  (0.1345)
Sicily 132 13| 0.1917 -0.1095 -0.1156 | 0.1386 -0.1131 -0.1020 | 0.2465 -0.1127 -0.1214
(0.1397)  (D.0B76)  (0.0778) (0.103) (0.075) (0.0654) (0.1609) (0.1069) (0.0901)

A |Campania 163 44 | 0.0978 0.0834 0.0853 0.0895 0.0860 0.0860 0.0965 0.0851 0.0871
u (0.0425)** (0.0294)°** [0.0284)*** | [0.036)** [D.0Z7)*** (0.026)*** | (0.048)* (0D.0315)***[D.0317)*"*
$ g Puglia 110 41| 0.08%0 0.0587 0.0642 0.0881 0.0484 0.0534 0.0829 0.0749 0.0757
| (0.0404)** (0.0349)* (0.0318)** | [0.036)** (0.034)  (0.031)* (0.0448)* [D.0354)** (0.0331)**
0 Sicily 98 31| 0.1270 0.1123 0.1165 0.1336 0.0979 0.1012 0.1083 0.1332 0.1274
N (0.0550)** [0.0514)** ([0.04BB)** | [0.054)** [(0.043)** (0.044)** | (0.D577)* (0.0537)** ([0.0507)**

Note: Bootstrapped Standard Errors in parentheses. *, ¥, *** = significant at 10%, 5%, 1% respectively
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