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Abstract: Most governments tackle the economic issues of underdeveloped areas by offering
subsidies aimed at fostering economic activities and local employment. Localized policies put
constraints on where businesses may locate in order to receive subsidies, but they generally impose
few restrictions on whom subsidized businesses must hire. Therefore, the positive impact of placebased policies on employment depends, among others, on two specific factors: the ability to attract
new jobs from within the destination local labor market (LLM) as well as that the new job places are
not subtracted from existing non-subsidized businesses in the same area. Using administrative data
on firms and workers in Italy, we adopt a multiple regression discontinuity design to empirically
assess the employment effect of substantial incentives for the replacement or establishment of new
capital. Our empirical strategy allows identifying where new hires come from (from the same LLM,
a neighboring LLM or a far-away LLM), from which pool of individuals (those working for another
company, the students or the inactives), and the impact on wages. The results show how the majority
of recruits come from new entrants to the labor market, in particular, young people and students,
while displacement effects are limited. Besides, subsidized companies tend to keep their most
valuable staff and hire more qualified young people by offering higher wages. So, fears concerning
the spatial dispersion of the effects or the possibility that financed companies might poach (skilled)
workers from non-subsidized firms in the LLM, at least in areas suffering from high unemployment,
appear excessive.
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1. Introduction
Most governments support underdeveloped regions by offering subsidies that claim to protect jobs
and reduce unemployment by fostering local economic activities. Such place-based programs are
expected to bring many new hires in the local labor market (LLM), which, ideally, should come from
the pool of non-employed, as youngsters and unemployed, residing in the targeted area. However,
subsidized firms’ new hires might come from other companies and/or other LLMs, reducing and
diluting the positive effects of the program. As Freedman (2015, p. 1) states, “a common feature of
these programs is that, while restricting where businesses may locate or invest in order to receive
subsidies or tax breaks, they place few constraints on whom subsidized businesses must hire”. The
spatial extension and the human capital characteristics of the effects engendered by localized policies
are of great interest because they define the dimension and the geographical diffusion of the policy,
and therefore its ability to improve local economic conditions. The critical aspect is the mobility of
labor that depend on personal and infrastructural conditions that can have substantial effects on the
difference between the targeted zone and the area affected by the policy. Therefore, the evaluation of
the total employment effect of a place-based policy has to consider not only the total number of jobs
generated but also the geographical origin of the newly-hired workers.
Another important factor that affects the net impact on the place-based policy is the ‘stealing workers
effect’, i.e., the possibility that financed companies might poach (skilled) workers from nonsubsidized firms in the LLM by offering higher wages (see Soskice, 1994). The literature suggests
that subsidized firms could replace firms and investments project in the neighboring areas by a spatial
crowding out effect in the input, output and labor markets (see, for instance, De Castris and Pellegrini,
2012). Therefore, the net employment effect in the subsidized area could even be nil or negative.
However, the presence of such crowding out effect effects is, after all, an empirical matter. The
evaluation of the extent of such effects has been rarely carried out as it requires very detailed data
and a compelling evaluation strategy. The scope of our paper is to fill such a gap in the literature, by
empirically assessing the local employment effect and labor mobility response of a place-based
policy.
One of the most popular place-based policies to boost depressed regions’ growth consists of capital
subsidies to private firms, which provide financial assistance to firms with investment projects in
disadvantaged areas. The net employment impact of these subsidies depends on whether the size of
the substitution effect, which is related to the reduction in the relative cost of capital, is larger or
smaller than the output effect, which is related to the increase in production, and therefore in the local
labor demand (Schalk and Untied, 2000). Although several empirical studies agree that the output

effect outweighs the substitution effect (e.g., Busso et al., 2013; Cerqua and Pellegrini, 2014;
Decramer and Vanormelingen, 2016), the net increase in employment in the LLM where the
subsidized investment is located depends on the size of both leakage effect and the stealing workers
effect. The spatial distribution of these effects is central for policymakers: on the one hand, if the
impact is prevalent on the LLM, it may lead to an increase in the mobility of workers from nonsubsidized to subsidized firms, resulting in a redistribution of jobs within the LLM. 1 The subsidy
impact on the labor market can also lead to a change in the age and human capital composition of
employment. New and technologically more advanced investments are indeed associated with new
employment with higher skills, often linked to a younger age (see Ouimet and Zarutskie, 2014). The
topic is less specific than it may seem. The results can be extended to more general cases of exogenous
(positive) shocks to LLMs that impact on the labor market of factors selectively increasing the
profitability of one company over the others, such as to make it invest in new capital. These shocks
can include technological innovations, product innovations, and the opening of new markets.
Although the literature on the employment effects of place-based policies has been recently enriched
(see, for instance, Giua, 2017; Mayer et al., 2017; Criscuolo et al., 2019), the analysis of labor
mobility between areas or within areas caused by place-based policies is still scarce. This fact appears
at least curious, as one of the reasons for the place-based policies is to reshuffle employment from
developed to lagging areas. However, if that reshuffling happens at small spatial scales, the results
can be very far from the objectives of the policymaker, generating deadweight losses and
inefficiencies. A notable exception is Freedman (2015), who evaluates the labor mobility effects of
tax incentives to promote business investment in low-income US neighborhoods. He finds evidence
of a geographically dispersed hiring pattern as a large share of the new jobs created does not go to
residents of targeted neighborhoods. Our study contributes to this strand of literature by analyzing
the effects on employment – regarding the subsidized company as well as the area where it is located
– of the Italian Law 488/92 (henceforth L488), a high-budget policy which consists of capital
subsidies for the replacement or establishment of new capital aimed at reducing territorial disparities.
Assessing the labor mobility effects of this type of program is challenging for two reasons. First, this
kind of analysis requires remarkably rich data with detailed and accurate information on the
population of workers and plants as well as on workers’ mobility. To this aim, we built our database
by combining two restricted-access data archives: the Italian social security administration (INPS)
archive, which covers the universe of Italian employer-employee matches in the private sector, and
the administrative L488 archive containing detailed information on all financed and non-financed
1

This aspect discriminates policies that have effects on firms but not necessarily on the area where they insist. Hence,
policy evaluations based on firms measure micro effects that can differ from the macro effect measured on local areas.

projects. Second, causal inference is difficult since the subsidy assignment process and the extent of
the impact also depend on unobservable characteristics of the areas on which the different labor
markets insist, and are therefore correlated to the dynamics of employment and local unemployment.
This creates the presence of endogeneity, which complicates the identification of the causal effects
of the place-based policy (see Baum-Snow and Ferreira, 2015). We deal with the endogeneity
problem by exploiting the sharp discontinuities in the L488 allocation mechanism, which creates the
conditions for a local random experiment. Using a parametric and a non-parametric specification of
the regression discontinuity design (RDD), we compare the employment composition and dynamics
in the firms ranked around the cut-off point. Using this method, we evaluate the effects of incentives
on the labor market, identifying where new hires are coming from (from the same LLM, a neighboring
LLM or a far-away LLM), from which pool of individuals (those working for another company, the
students or the inactives), and evaluating the impact on wages.
Our contribution to the literature is threefold. First, our study contributes to the literature on the
employment effects of capital subsidies (see, among others, Bondonio and Greenbaum, 2014; Cerqua
and Pellegrini, 2014; Criscuolo et al., 2019). Given the considerable uncertainty on this parameter in
the literature, our analysis presents detailed and methodologically robust results based on the
population of plants covered by the social security system in Italy, which, differently from balancesheet data, allows creating a database not skewed towards larger firms. Second, we contribute to the
literature assessing the degree of employment displacement, and how this reflects in the targeted LLM
in terms of unemployment and wages. While some studies find the presence of displacement in the
aggregate (for the L488 see De Castris and Pellegrini, 2012), we provide a detailed evaluation of the
origin of the new hires brought about by a firm-level shock. This is feasible only by creating a dataset
that crosses firms with the labor path of their workers. Third, we add to the literature on the evaluation
of the internal and external effects of public incentives (e.g., Freedman, 2015; Einiö and Overman,
2016), i.e., the employment leakages from the targeted LLM and therefore the extent of flows from
the outside. By focusing on the employment differential between the treated and the untreated firms
close to the discontinuity in the treatment allocation, we consistently estimate internal and external
effects to the LLM, reducing issues related to firm-level omitted variables, internal and external labor
market unobservable characteristics and simultaneity. This allows defining with remarkable precision
the spatial extension and the internal crowding-out of the place-based policy impact and, therefore,
the relative weight of the leakage and stealing workers effects.
The results confirm the positive effect of the L488 subsidies on employment in the LLM. However,
we show that the large part of recruits come from new entrants to the labor market, in particular,
young people and students. The overall effect is a change in the composition of employment, both in

terms of age and human capital. The rationale is that the new investments required employment with
higher skills, that can often be found in younger people. Consistently with this interpretation, these
young new workers who come from the same LLM receive a higher wage than their peers in nonsubsidized firms. The share of workers coming from the same labor market is also rather considerable,
but lower. There is also a non-negligible share that comes from non-contiguous LLMs, suggesting
that the leakage effects exist but are low. Therefore, the main conclusions are that the local effects
are relevant, with reduced leakage to the outside. The primary source of new employment are young
people and graduates from the same LLM, and the effects of ‘stealing’ workers from non-subsidized
companies in the same LLM or neighboring LLM appears limited. Moreover, the wage effect on the
labor market is negligible. These results show how the local effects of the place-based policy go in
the desired direction, and the fears concerning the spatial dispersion of the effects or the presence of
the stealing workers effect, at least for the Italian case, do not hold empirically. This reinforces the
use of place-based policies to support weak labor markets.

2. The L488 policy
L488 is a law of the Italian State enacted in 1992, which became operational in June 1996. Over the
period 1996-2007, about €23 billion were spent on financed investment projects. This policy allocates
subsidies through a rationing system based on ‘calls for tender’ that mimics an auction mechanism,
and that guarantees compatibility of demand and supply of the incentives. L488 makes available
grants on capital account for investment projects in less-developed regions designed to build new
productive units or to increase production capacity and employment or improve ecological conditions
associated with production processes, technological updates, restructuring, relocation, and
reactivation. The implementation of the selection process is centralized, and a specific department of
the Ministry of Economic Development presides over the selection process. The procedure includes
a screening based on a technical report and a business plan presented by the company, and a viability
analysis, which also evaluates the funding eligibility of the project. The amounts awarded are paid
out in three equal installments.
Incentives allocation is based on regional competitive auctions. For each auction, there are as many
rankings as the number of regions involved, and each ranking has a different cut-off point. In each
auction, five objectives and predetermined criteria are used to rank the investment projects: 1) the
share of owners’ funds on total investment; 2) the new job creation by unit of investment; 2 3) the
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This criterion was introduced to favor investment projects aimed at increasing employment in order to contrast the
theoretical prediction of capital-labor substitution engendered by capital subsidies (see Patrick, 2016).

ratio between the subsidy requested by the firm and the highest subsidy applicable; 4) a score related
to the priorities of the region concerning location, project type, and sector; 5) a score related to the
environmental impact of the project. The five criteria carry equal weight: the values related to each
criterion are normalized, standardized, and added up to produce a single score that determines the
place of the project in the regional ranking. 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. Several checks during, and after the investment period are carried out to
determine whether subsidized firms have respected their targets. If a treated firm does not reach its
goals, the subsidy is partially or entirely revoked. Moreover, L488 requires that firms applying for
the subsidies renounce any other public subsidies, avoiding double subsidization and the use of other
public grants.

3. Data and method
3.1 Data
Our analysis refers to the period 1995–2004 and focuses on the auctions that were concluded by 2001,
which mainly targeted manufacturing firms. Although L488 has financed firms in all Italian regions,
our focus lies in the South of Italy because the use of L488 has been substantial only there: it has
covered almost all the 325 LLMs and with a much higher incentive intensity than in the Center-North
of Italy (Cerqua and Pellegrini, 2018). L488 funds were concentrated in the South of Italy because
all eight Southern regions were lagging in terms of economic performance and, therefore, were
considered as Objective 1 regions regarding the European Union Structural Funds. 3
The final database was built integrating two data archives: an administrative dataset containing
detailed information on all subsidized and non-subsidized firm-level projects by L488 and a unique
dataset covering the universe of employer-employee matches in the private sector made available by
the Italian social security administration (INPS). The latter dataset contains high-quality data as they
are used to collect contributions from employers, define pension rights and eligibility to social
programs (Boeri and Garibaldi, 2019). The integration process of these datasets, for employees per
enterprise and per year, was based on VAT or tax codes and was conducted by INPS’s IT facilities.
The starting point was all the firms that applied to be financed by L488 in the first four auctions in
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Objective 1 funding forms the most substantial part of the overall Structural Funds Program budget and has the explicit
aim of fostering economic growth in regions that are lagging behind (Becker et al., 2010). In the Center-North were
targeted only the areas designated as Objective 2 or 5b, i.e., areas which suffer from high unemployment and/or have high
shares of employment in declining industries but with a much lower subsidy intensity.

the South of Italy. We then cleaned the integrated dataset (the detailed construction of the final sample
is described in Appendix A 4) to obtain our final sample. This sample is made up of 5,621 continuing
firms (of which 3,312 were treated), which displayed positive employment levels throughout the
period 1995-2001. This sample is much larger than the one used by previous studies covering the
same period of analysis (see, among others, Bronzini and de Blasio, 2006; Cerqua and Pellegrini,
2014) as the use of the INPS archive rather than balance-sheet data guarantees a much higher
matching rate. Besides, it ensures that our final sample is not skewed towards larger firms as those
used in previous studies.
We are interested in verifying whether capital subsidies modify the composition of workers a firm
employs and whether it induces firms to pay its workers more. To carry out such a task, we have
chosen LLMs as the most appropriate unit of spatial analysis for identifying labor mobility. 5 We then
split each individual registered to be working in a treated or a control firm in 20016 in 9 categories
depending on his/her employment condition in the pre-treatment year, i.e., 1995:
i)

those working in the same firm;

ii)

those receiving unemployment benefits;

iii)

those working in another firm located in the same LLM;

iv)

those working in another firm located in a neighboring LLM;

v)

those working in another firm located far-away from the LLM;

vi)

those not registered to be working in 1995 who were 24 or less and were born in the same
LLM;

vii)

those not registered to be working in 1995 who were 24 or less and were born in another
LLM;

viii)

those not registered to be working in 1995 who were 25 or above and were born in the
same LLM;

ix)

those not registered to be working in 1995 who were25 or above and were born in another
LLM.

Individuals not registered to be working by the INPS archive in 1995 could have been students,
working in the primary sector, working in the public sector, self-employed, or inactive, which we are
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In Appendix A, we report descriptive statistics for all groups of firms split by treatment status (Table A1) and the sectoral
composition of the final sample (Table A2).
5
A LLM is an aggregation of two or more neighboring municipalities defined by the Italian Bureau of Statistics based
on daily commuting flows from place of residence to place of work (Andini and de Blasio 2016), as recorded in the 2001
population census.
6

In the main analysis, we focus on the short-term impact of the policy. However, In Section 4.4, we will look at the
medium-term impact of such a policy using 2004 instead of 2001 as the reference year.

not able to identify separately. Nevertheless, we assume that younger people are basically students,
and therefore splitting individuals by age group (the cut-off is 24 years) allows to roughly separate
high-school/university graduates from the other categories.
We also collect data on the number of employees and the average wage in 1995, which will be used
as control variables in the RDD regressions.

3.2 Method
The key feature of the RDD is the existence of a forcing variable for each firm in the sample, which
sharply determines subsidy assignment: all firms whose score is above the cut-off obtain the subsidy,
while all firms whose score is below this cut-off do not. The parameter of interest is the local average
treatment effect (LATE) that reflects the impact of the L488 subsidies on the employment mobility
and composition of firms close to the threshold. In such a setting, identification, estimation, and
inference proceed by comparing the responses of firms near the cut-off, taking those below as the
comparison group to those above (treatment group) (Calonico et al., 2019).
Our setting differs from the basic RDD framework as we must combine 32 rankings (4 auctions in
each of the 8 Southern regions) having a different cut-off point. To this aim, we employ a pooled
multiple RDD approach (see Gamse et al., 2008), which consists of grouping observations from
different rankings into a single dataset re-centering and standardizing the forcing variable. 7 We then
exploit the sharp change in treatment status at the assignment threshold to identify the LATE
parameters of interest. Therefore, the treatment effect estimates are obtained by implementing the
‘sharp’ RDD. To ensure that inferences are not driven by model misspecification (Lee and Lemieux
2010), we estimate the treatment effects at the discontinuity point using both non-parametric and
parametric estimators.
The non-parametric estimates are robust bias-corrected (Calonico et al., 2014) and are conducted with
triangular kernel weights. The bandwidths for each non-parametric local linear regression are selected
using the mean squared error (MSE)-optimal bandwidth selector, with observations outside the
bandwidth receiving zero weight in the estimation. 8 We also implement the covariate-adjusted RDD
7

Pooling observations from different rankings could bias the LATE estimates due to the potentially different
characteristics of treated firms in different rankings. However, the standardization of the forcing variable, combined with
the addition of sector and ranking dummies, greatly reduces such concern. The tests carried out in Section 3.3 bolster the
above claim. Besides, the estimates presented in Cerqua and Pellegrini (2014) using the pooled multiple RDD are very
close to the estimates obtained using more sophisticated multiple RDD approaches.
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The Stata program ‘rdrobust’ (Calonico et al., 2017) is used to produce bias-corrected non-parametric point estimates
with accompanying robust standard errors.

estimator proposed by Calonico et al. (2019) to increase the precision of the RDD estimates. We
complement the analysis by estimating a parametric version of the RDD. Parametric estimates include
a first-order polynomial in the forcing variable, which is allowed to differ on the left and the right of
the cut-off point. For such parametric analysis, we use only 25% of the observations taking on a
forcing variable value closest to the threshold. Specifically, we estimate the following equation:
(1)

𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 = 𝛼𝛼 + 𝛽𝛽0 𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽1 𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 + 𝛽𝛽2 𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 ∗ 𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜽𝜽𝑿𝑿𝒊𝒊𝒊𝒊𝒊𝒊 + 𝛾𝛾𝑠𝑠 + 𝜃𝜃𝑟𝑟 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖

where 𝑌𝑌𝑖𝑖 is the outcome variable of firm i belonging to sector s and who participated to ranking r, 𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖

is the forcing variable, 𝐷𝐷𝑖𝑖𝑖𝑖𝑖𝑖 is the binary indicator variable for treatment which is unity in case of
subsidy assignment zero otherwise, 𝑿𝑿𝒊𝒊𝒊𝒊𝒊𝒊 is a set of pre-treatment firm-related covariates, 𝛾𝛾𝑠𝑠 are sector
dummies (2-digit NACE classification), 𝜃𝜃𝑟𝑟 are ranking dummies and 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 is the error term.
3.3 Descriptive evidence
Our analysis concerns the LLMs of Southern Italy, in which the average yearly wage in 1995 was
below €10,000, the average employees’ age was of 32, the vast majority of workers were blue-collars
(77%), and the shares of part-time workers (3%) and of women (20%) was limited. Table 1 compares
the characteristics of subsidized and non-subsidized firms in our sample. As shown in columns (1)
and (2), subsidized firms tend to be larger, pay more to their employees, and hire more women.
Conversely, they are very similar to non-subsidized firms concerning the share of blue-collar, the
share of part-time employees, the share of employees born in Center-North of Italy, firm, and
employees’ age.
INSERT TABLE 1
In the spirit of the RDD framework, in columns 3 and 4, we report the same descriptive statistics as
in columns 1 and 2 but limited to 25% of the observations closest to the threshold. In this case,
baseline firm differences shrink, especially the employment gap. More importantly, when comparing
firms’ characteristics on either side of the threshold, they do not vary discontinuously at the L488
assignment threshold. Columns (5) and (6) of Table 1 show that, when applying the parametric and
non-parametric multiple RDD, we find no evidence of statistically significant pre-treatment
differences at 5% level around the cut-off point between subsidized and non-subsidized firms in terms
of number of employees, average yearly wage, share of blue-collars, share of part-time employees,
share of female employees, share of employees born in Center-North of Italy, firm and employees
age. These estimates confirm that our pooled multiple RDD does a good job of randomizing the full
set of pre-treatment covariates around the cut-off.

4. Results
The starting point of our empirical analysis is to verify the extent to which the reception of capital
subsidies led treated firms to hire more workers and, more importantly, their geographic origin as
well as their previous job position. We then proceed by examining the role played by wages in
determining such a hiring pattern. Lastly, we look at additional dependent variables and examine the
medium-term impact of the policy.

4.1 Employment estimates
For a valid application of the RDD, it is key to graphically present the changes in the variables of
interest at the cut-off point. Before turning to the estimates disaggregated by the working situation in
1995, in Panel A of Figure 1, we plot two first-order local polynomial regressions estimated on both
sides of the threshold. There is a clear and statistically significant jump in employment right at the
threshold, with a magnitude of approximately 13 additional employees. In Panel B of Figure 1, we
graphically disaggregate such an estimate by the working situation in 1995. Excluding the category
of the individuals receiving unemployment benefits, there appears to be a statistically significant
discontinuity for each category, suggesting that the overall employment impact of L488 was absorbed
by new entrants in the labor market, by individuals already working for other firms, as well as by
individuals from outside the targeted LLM.
INSERT FIGURE 1
Although graphical evidence is important in an RDD setting, only the application of the parametric
and non-parametric RDD presented in Section 3.2 allows obtaining accurate estimates which mitigate
potential concerns due to the creation of a single dataset with a re-centered and standardized forcing
variable. Table 2 reports the aggregated (Panel A) and disaggregated (Panel B) average employment
increase in subsidized firms with respect to non-subsidized firms at the threshold. Column (1) pertains
to non-parametric estimates, while Column (2) reports parametric estimates. Both specifications
include ranking and sector fixed-effects as well as other pre-treatment covariates to warrant a better
balance between treated and untreated firms and to increase accuracy. The estimated coefficients are
all positive and are generally lower than those obtained without adding fixed-effects and control
variables (see Table B1 in Appendix B) and of those shown in Figure 1. This reinforces the
importance of adding ranking and sector fixed-effects in our pooled multiple RDD framework. The
average employment impact is positive: subsidized firms hire on average from 9.4 to 9.9 extra
employees in respect to non-subsidized firms. Looking at the disaggregated estimates, we see that a

large share of the employment impact comes from those who were working in the same LLM but for
a different firm (2-2.1 additional employees), the non-employed young people born in the same LLM
(1.8-2.1 additional employees). We also find a positive impact between 0.5 and 1.1 for the following
groups: those who were working in a neighboring LLM, those who were working in a distant LLM,
the non-employed young people born in another LLM, the non-employed older people born in the
same LLM and the non-employed older people born in another LLM. All these estimates are
statistically significant at the 1% level. Conversely, we detect positive but not statistically significant
estimates at the 1% level when considering those who were already working in the firm and for those
who were receiving unemployment benefits.
INSERT TABLE 2
Looking at the parametric estimates, we can highlight some interesting results. 9 Overall, 52.7% of
new employment comes from new entrants into the labor market, including the unemployed, while
the remaining 47.3% comes from individuals who were already working. Among the new entrants,
the majority of them (57.8%) are less than 24 years old and, therefore, likely to have recently
graduated from high-school or university. This finding reinforces the belief that new investments
generate qualified employment, capable of interfacing with new technologies, and this is particularly
present among the newest young entrants, who can also be trained more easily (see, among others,
De Koning and Gelderblom, 2006). Another interesting element concerns the presence of leakages:
32.2% of new workers come from outside the LLM where the investment was made, or they were
born in another LLM (if they did not previously work). There are, therefore, broader spatial effects
of the investment compared to the LLM, which, however, are not very wide, and concern almost a
third of the new jobs generated by the subsidized investments.
Finally, the effects related to the poaching of workers from other companies concern about 34.4% of
the jobs created. The share of those coming from other companies in the same LLM is 21.4%. These
are upper-bound estimates as workers might have changed jobs both because of better working
conditions (e.g., higher wages) or because the previous employer has reduced the workforce. Besides,
as we will show in Section 5, only 0.47% of the treated firms’ workforce in 2001 comes from firms
that applied for the incentives but were not financed because they scored too low in the L488 ranking.
Overall, the results indicate that capital subsidies have not pushed incentivized firms to ‘steal’ a
sizable share of workers from unincentivized firms. It is crucial to notice that, although the estimate
concerning those who were receiving unemployment benefits is only a proxy for the impact on local
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The results are similar if we base our analysis on non-parametric estimates.

unemployment, the limited extent of such coefficient suggests that the impact on local unemployment
is more limited than that found in other place-based policies (see, for instance, Criscuolo et al., 2019).

4.2 Wage estimates
In this section, we investigate whether capital subsidies induced subsidized firms to transfer part of
the subsidy benefits to their employees. Although positive, the lack of statistical significance in the
estimates reported in Panel A of Table 3, as well as the graphical evidence shown in Figure B1 in
Appendix B, suggest that, generally, treated firms did not increase the average wage of their
workforce. The empirical evidence suggests that, overall, the place-based policy has not generated
significant tensions in the labor market. The reasons lie both in the fact that the subsidized companies
are only a rather small fraction of the companies in the area (less than 5%), and that there is a general
underutilization of resources in the South of Italy that prevents the spreading of tensions on the wages
side.
INSERT TABLE 3
However, thanks to the possibility of disaggregating the estimates by employment group, we are able
to uncover some interesting patterns. The disaggregated estimates reported in Panel B of Table 3
show that those who stayed in the treated firms earn about 7.6 to 9.3% more than those who stayed
in the non-subsidized firms. 10 These coefficients are statistically significant at the 1% level. It is worth
investigating more in-depth whether subsidized firms share the incentive benefits with their historical
employees with a pay rise or whether such finding is driven by the fact that subsidized firms have
managed to keep their best employees (proxied by wage). 11 Table 4 presents the workers’ wage
differentials in 1995 between subsidized and non-subsidized firms. The estimates relative to the
workers who stayed in the treated firms are positive and statistically significant at 1% level.
Therefore, such estimates demonstrate that subsidized firms have managed to keep their most
skilled/experienced employees without resorting to sizable pay rises. Besides, the estimates reported
in Table 4 demonstrate that the new hires coming from other firms did not benefit from a pay rise.
We also uncover a positive wage differential of about 7.5 to 7.8% for the non-employed young people
born in the same LLM, but these coefficients are statistically significant only at the 10% level. This

10

Table B2 in Appendix B reports the wage differential estimates without fixed-effects and pre-treatment variables. In
general, these estimates are very close to those reported in Table 3.
11
As typical in the labor economics literature (e.g., Belloc et al., 2019), we use wages as a proxy for skill levels.
Unfortunately, the INPS archive does not contain variables on alternative human capital proxies, such as the educational
level of the workers.

finding is consistent with the hypothesis that subsidized firms have attracted young local individuals
with higher human capital endowments. 12
INSERT TABLE 4
Overall, the evidence presented in this section demonstrates that subsidized firms did not outbid nonsubsidized firms for keeping or attracting employees. However, the new capital demanded to increase
the average skill endowment of subsidized firms, and this was achieved by keeping the most skilled
workers as well as attracting the most skilled local young individuals.

4.3 Impact on other variables and medium-term impact estimates
In this sub-section, we investigate whether L488 affected other aspects of treated firms such as the
average employees’ age, the share of women, the share of blue-collar, and the share of part-time
workers. Table 5 reports the estimates concerning such outcome variables. While there appears to be
no significant impact of the subsidy in the employment composition concerning the share of women,
blue-collars, and part-time workers, the subsidized firms’ workforce in 2001 is about one year older
than the counterfactual scenario. This finding is in line with the evidence reported in the previous
sections, where we showed that subsidized firms kept their most skilled/experienced employees (with
higher wage) and hire young people with more human capital, also linked to more education and
experience (also compensated with a higher wage).
INSERT TABLE 5
We then conduct a medium-term analysis to test whether the observed impact of the policy lasts over
time. The estimates are reported in Table 6. Column (1) pertains to non-parametric employment
estimates, while Column (2) is the same as Column (1) except that it reports parametric employment
estimates. Columns (3) and (4) correspond to Columns (1) and (2), respectively, except that they refer
to wage differential estimates. The coefficients in Panel A of Table 6 confirm the long-lasting effects
of the policy even if they suggest that the extent of the employment impact diminishes after three
years. Such a result was expected if we consider that the job creation criterion of the assignment
process has probably induced firms to overshoot the optimal amount of employment to gain a subsidy.

12

By splitting blue- from white-collars, we find that most of the wage gain accrues to white-collars. This holds for those
who stayed in the subsidized firms as well for the non-employed young people born in the same LLM. The estimates are
presented in Table B3 in Appendix B.

Besides, it is plausible that in the long-term, firms start to reduce the inflated employment and
increase allocative efficiency (Bernini et al., 2017).
INSERT TABLE 6
More importantly, for our core research question, the disaggregated estimates reported in Panel B of
Table 6 confirm the labor mobility effects of the L488 policy. The medium-term analysis shows that
there is significant mobility from other LLMs, and the workers coming from outside remain in the
subsidized companies also in the long-term.

5. Robustness and sensitivity checks
At the beginning of this section, we carry out two robustness checks and a sensitivity check for the
primary dependent variables. The estimates are reported in Tables 7 for employment and Table 8 for
wages. For the sake of conciseness, we report only the non-parametric estimates when we control for
pre-treatment covariates as well as for ranking and sector fixed-effects. We first check whether the
inclusion of firms applying in Auction 1 affected the main estimates. The exclusion of the 1st auction
is motivated by the inclusion of a transitory clause limited to that auction, which allowed some firms
not eligible under L488 to be financed as well (see Bronzini and de Blasio, 2006). As shown in
column (1) of Table 8, wage estimates are essentially unchanged, while we find a smaller impact on
employment (column (1) of Table 7). Such finding is expected as the average subsidy intensity in
Auction 1 was over 30% higher than in the following three auctions. We then adopt an alternative
forcing variable which is re-centered but not standardized. This means that rankings with more firms
having a forcing variable value close to the threshold tend to be given more weight in the estimation
process. The estimates reported in column 2 of Tables 7 and 8 demonstrate that the standardization
of the forcing variable does not affect the extent and the statistical significance of the coefficients.
Lastly, we check whether the addition of the 88 large firms (having 250+ employees in 1995) affects
our main estimates. We excluded such firms from the main analysis because of three reasons: i) the
way we define the employment dependent variable, i.e., as the difference in the number of employees
in 2001; ii) the evidence that larger firms could take the subsidy without changing their level of
economic activity (Criscuolo et al., 2019); iii) the fact that large treated firms received on average
€2.82 million, while on average the rest of treated firms received €0.37 million. The overall
employment estimates reported in column (3) of Table 7 are about twice as large as those reported in
Table 2. This result is not surprising given the extent of the subsidy intensity for large firms and the
fact that 79 out of 88 of them were subsidized (see Table A2 in Appendix A). Looking at the

disaggregated employment estimates, we notice that now all coefficients are statistically significant
at the 5% level and a substantially larger impact for those who were working in 1995 for the
subsidized firm. On the other hand, the wage estimates reported in column (3) of Table 8 are very
similar to those reported in Table 3.
INSERT TABLES 7 AND 8
As we are in an RDD framework, it is essential to rule out possible discontinuities in the conditional
density of the forcing variable (the score of the project in the regional ranking), which would indicate
evidence of manipulation in the incentives assignment. The continuity of the density around the
normalized and standardized assignment threshold is tested using the test proposed by Cattaneo et al.
(2019). The lack of statistical significance of such a test indicates that there is no statistical evidence
of sorting (p-value = 0.29).
Lastly, we investigate the potential presence of cross-sectional substitution, i.e., whether subsidized
firms took some of the investment opportunities that unsubsidized firms would have exploited in the
absence of the policy (Klette et al., 2000). In the presence of cross-sectional substitution, subsidized
investments partially crowd-out non-subsidized investments and employment, making the rationale
in favor of the place-based program less clear. Although it is not possible to test such a hypothesis in
a partial equilibrium framework as the one we are using, our database allows for the first-time
checking whether subsidized firms attracted workers from non-subsidized firms. As reported in Table
B4 in Appendix B, more workers moved from a non-subsidized firm to a subsidized one than the
other way around; however, only 0.47% of the treated firms’ workforce in 2001 comes from firms
that applied for the incentives but were not financed because they scored too low in the L488 ranking.
This finding suggests that previous literature has probably overrated the empirical impact of the
stealing workers effect.

6. Concluding remarks
The effectiveness of place-based policies in terms of employment depends, among others, on two
specific factors: the ability to attract new jobs from within the destination area as well as that the new
job places are not subtracted from existing non-subsidized businesses in the same area. The first effect
concerns the presence of leakages or the spatial dispersion of the effects; the second one is the
possibility that financed companies might poach workers from non-subsidized firms in the LLM,
reducing the net effect of incentives on the territory. Although these effects are highlighted in the
literature, few studies evaluate their empirical relevance given the lack of comprehensive data and

the difficulties in tackling endogeneity concerns. The use of administrative archives linked together
with the characteristics related to the allocation of the L488 incentives allowed us to overcome both
problems and to give an empirical answer to the magnitude of the local effect of the place-based
policy.
The results show how both factors are present, but their impact is relatively limited. The majority of
recruits come first from new entrants to the labor market, in particular, young people and students,
and therefore the ‘stealing effects’ counts only for slightly more than 20% of the new employment
generated by the policy. The share of workers coming from the same labor market is also rather large,
even if there is a lower non-negligible share (32%) that comes from non-contiguous LLM, which
obtains higher wages. This share is lower than in previous analysis of the UK enterprise zones, where
between 50 and 80 percent of enterprise zone businesses had relocated into the zones from outside
(Papke, 1993; Neumark and Simpson, 2015) and differs from the results of Freedman (2015, p. 2),
who states: “many of the new jobs created in areas that receive subsidized investment do not go to
residents of targeted neighborhoods”.
The conclusions are that the local effects are largely predominant, with reduced leakage to the outside,
and that the effects of spatial crowding out concerning workers from non-subsidized companies in
the same LLM or neighboring LLMs appears limited. Two important reasons can explain these
differences with previous literature: first, the geographic mobility of the workers is much higher in
the US and the UK than in the South of Italy, where family support, the existence of an informal
economy that still guarantees employment opportunities, albeit low income, and administrative costs
of mobility discourages personal mobility (see Faini, 1999). Second, in the areas under analysis, the
degree of utilization of resources, and also of the labor factor, remains low, determining a large pool
of skilled and unskilled people available to work.
Our study responds not only to the question of whether the incentives or rather the policies that define
them have boosted employment in the subsidized LLM as well as in its neighboring LLMs but our
results can be applied also to the more general issue on what the labor mobility effects are, on the
territory, of a new substantial investment in the LLM. These results have obvious policy implications.
Place-based policies aimed at supporting the weak labor market have, in our study, a positive and
concentrated impact in the areas of interest, involving mainly new entrants to the market.
Furthermore, part of the income due to subsidies is transferred to workers to acquire higher human
capital. This reinforces the local productive structure and lays the foundations for sustainable
development over time. In conclusion, fears concerning the spatial dispersion of the effects of placebased policies or the presence of spatial crowding out, at least for the Italian case, seem excessive.
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FIGURES AND TABLES
Figure 1 – Employment differences at the discontinuity between subsidized and non-subsidized firms
in 2001
Panel A – Overall impact

Panel B – Estimates disaggregated by working situation in 1995

Notes: The dots are bin averages (bin width = 0.05). The solid line represents a first-order polynomial regression. The
shaded area represents 95% confidence intervals.

Table 1 – Pre-treatment differences in 1995
Average values in the whole
sample
Variable

Control

Treated

Average values in the closest
25% of the sample
Control

Treated
(4)

Non-parametric
estimates

Parametric
estimates

(5)

(6)

(1)

(2)

Number of employees

15.30

22.96

16.36

17.65

Coeff. (SE)
Bandwidth -/+
N -/+

2.33 (2.52)
0.88/0.88
1,067/1,544

1.27 (2.99)
-0.51/0.47
577/828

The yearly wage in €

9,598

9,983

9,728

9,333

Coeff. (SE)
Bandwidth -/+
N -/+

-495 (441)
0.99
1,181/1,704

-380 (524)
-0.51/0.47
577/828

Share of blue-collar
employees

(3)

Differences at the threshold

76.49%

77.07%

79.11%

77.66%

Coeff. (SE)
Bandwidth -/+
N -/+

-0.17 (2.34)
1.15
1.394 /1,949

3.53 (3.11)
-0.51/0.47
577/828

3.18%

2.55%

2.24%

2.46%

Coeff. (SE)
Bandwidth -/+
N -/+

0.52 (0.83)
1.03
1,236/1,783

-0.25 (1.08)
-0.51/0.47
577/828

Share of female workers

19.25

20.98

20.64

20.95

Coeff. (SE)
Bandwidth -/+
N -/+

0.66 (2.45)
1.22
1,463/2,041

0.84 (3.38)
-0.51/0.47
577/828

Share of workers born in
the Center-North of Italy

3.78

3.49

2.94

2.91

Coeff. (SE)
Bandwidth -/+
N -/+

0.56 (1.18)
0.83
984/1,456

-0.36 (1.23)
-0.51/0.47
577/828

Firm age (with respect to
the INPS registration)

9.13

9.52

8.85

8.69

Coeff. (SE)
Bandwidth -/+
N -/+

1.07 (1.23)
0.66
653/967

0.78 (1.16)
-0.51/0.47
577/828

32.25

32.47

32.13

32.16

Coeff. (SE)
Bandwidth -/+
N -/+

0.24 (0.75)
0.86
1,034/1,506

0.03 (0.83)
-0.51/0.47
577/828

Share of part-time
employees

Employees age

Notes: The non-parametric estimates are robust bias-corrected (Calonico et al., 2019). The bandwidths for each non-parametric local linear regression are selected
using the optimal data‐driven method as per Calonico et al. (2019). Parametric estimates include a 1st order polynomial in the forcing variable, which is allowed to
differ on the left and the right of the cut-off point. N− and N+ denote the number of cases within the bandwidth below and above the threshold, respectively. All
estimates include the following control variables: regional dummies and sector dummies (2-digit NACE classification). ***p<0.01, **p<0.05, *p<0.1.

Table 2 – Employment estimates
Non-parametric
RDD
(1)

Parametric
RDD
(2)

Coeff. (SE)
Bandwidth -/+
N -/+

9.91*** (2.22)
0.67/0.67
784/1,185

9.39*** (2.17)
-0.51/0.47
577/828

Working in the same firm

Coeff. (SE)
Bandwidth -/+
N -/+

1.20* (0.65)
1.21/1.21
1,457/2,025

1.26 (0.90)
-0.51/0.47
577/828

Unemployed

Coeff. (SE)
Bandwidth -/+
N -/+

0.24* (0.14)
0.84/0.84
1,016/1,479

0.22 (0.16)
-0.51/0.47
577/828

Working in the same LLM (but a different firm)

Coeff. (SE)
Bandwidth -/+
N -/+

1.99*** (0.49)
0.77/0.77
923/1,377

2.06*** (0.52)
-0.51/0.47
577/828

Working in a neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

0.48*** (0.17)
0.78/0.78
930/1,391

0.45** (0.19)
-0.51/0.47
577/828

Working in a non-neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

0.73*** (0.23)
0.63/0.63
734/1,132

0.66*** (0.22)
-0.51/0.47
577/828

Non-employed: Under 24 born in the same
LLM

Coeff. (SE)
Bandwidth -/+
N -/+

1.81*** (0.46)
0.90/0.90
1,096/1,587

2.05*** (0.53)
-0.51/0.47
577/828

Coeff. (SE)
Bandwidth -/+
N -/+

1.03*** (0.37)
0.77/0.77
915/1,371

1.07*** (0.41)
-0.51/0.47
577/828

Coeff. (SE)
Bandwidth -/+
N -/+

0.90*** (0.25)
0.73/0.73
867/1,318

0.85*** (0.27)
-0.51/0.47
577/828

Coeff. (SE)
Bandwidth -/+
N -/+

0.76*** (0.17)
0.71/0.71
845/1,278

0.72*** (0.20)
-0.51/0.47
577/828

PANEL A
Overall estimate: Additional employees in 2001

PANEL B
Disaggregated estimates: Additional employees
in 2001 by employment condition in 1995

Non-employed: Under 24 born in another LLM

Non-employed: Over 24 born in the same LLM

Non-employed: Over 24 born in another LLM

Notes: All non-parametric estimates are robust bias-corrected (Calonico et al., 2019). The bandwidths for each nonparametric local linear regression are selected using the optimal data‐driven method as per Calonico et al. (2019).
Parametric estimates include a 1st order polynomial in the forcing variable, which is allowed to differ on the left and the
right of the cut-off point. N− and N+ denote the number of cases within the bandwidth below and above the threshold,
respectively. The control variables included are the number of employees in 1995, the average wage in 1995, ranking
dummies, and sector dummies (the intermediate SNA/ISIC aggregation). We considered full-time as well as part-time
employees. ***p<0.01, **p<0.05, *p<0.1.

Table 3 – Wage estimates
Non-parametric
RDD
(1)

Parametric
RDD
(2)

Coeff. (SE)
Bandwidth -/+
N -/+

3.07 (3.41)
1.24/1.24
1,480/2,064

1.44 (4.74)
-0.51/0.47
577/828

Working in the same firm

Coeff. (SE)
Bandwidth -/+
N -/+

7.60*** (2.61)
0.78/0.78
825/1,255

9.26*** (3.22)
-0.51/0.47
511/731

Unemployed

Coeff. (SE)
Bandwidth -/+
N -/+

-3.82 (4.81)
0.77/0.77
634/1,142

-6.69 (5.09)
-0.51/0.47
171/366

Working in the same LLM (but a different firm)

Coeff. (SE)
Bandwidth -/+
N -/+

3.10 (3.31)
0.97/0.97
634/1,142

2.85 (3.91)
-0.51/0.47
312/554

Working in a neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

6.29 (5.29)
0.75/0.75
224/450

5.12 (5.94)
-0.51/0.47
144/288

Working in a non-neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

5.20 (6.17)
0.88/0.88
313/576

6.44 (7.31)
-0.51/0.47
173/319

Non-employed: Under 24 born in the same
LLM

Coeff. (SE)
Bandwidth -/+
N -/+

7.83* (4.13)
0.73/0.73
529/973

7.52* (3.91)
-0.51/0.47
355/631

Coeff. (SE)
Bandwidth -/+
N -/+

-0.50 (3.78)
0.89/0.89
511/966

2.41 (4.30)
-0.51/0.47
267/509

Coeff. (SE)
Bandwidth -/+
N -/+

-4.05 (5.07)
0.69/0.69
374/742

-4.32 (4.95)
-0.51/0.47
269/502

Coeff. (SE)
Bandwidth -/+
N -/+

5.61 (5.71)
0.86/0.86
350/655

8.56 (6.22)
-0.51/0.47
192/353

PANEL A
Overall estimate: Wage differential in 2001

PANEL B
Disaggregated estimates: Wage differential in
2001 by employment condition in 1995

Non-employed: Under 24 born in another LLM

Non-employed: Over 24 born in the same LLM

Non-employed: Over 24 born in another LLM

Notes: See Table 2.

Table 4 – Workers’ wages in 1995
Outcome variable: Workers’ wages in 1995

Non-parametric
RDD
(1)

Parametric
RDD
(2)

Working in the same firm

Coeff. (SE)
Bandwidth -/+
N -/+

5.01*** (1.89)
0.96/0.96
1,006/1,515

4.91** (2.40)
-0.51/0.47
512/734

Working in the same LLM (but a different firm)

Coeff. (SE)
Bandwidth -/+
N -/+

-0.86 (3.63)
0.96/0.96
622 /1,128

0.58 (4.45)
-0.51/0.47
312/557

Working in a neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

5.83 (6.82)
0.87/0.87
266/499

4.09 (7.27)
-0.51/0.47
144/286

Working in a non-neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

3.56 (7.74)
1.08/1.08
391 /716

1.61 (9.73)
-0.51/0.47
172/319

Notes: See Table 2.

Table 5 – Subsidy impact on other firm outcomes

Outcome variable

Parametric
RDD

(1)

(2)

Coeff. (SE)
Bandwidth -/+
N -/+

0.99** (0.47)
1.32/1.32
1,563/2,167

1.23* (0.68)
-0.51/0.47
577/828

Coeff. (SE)
Bandwidth -/+
N -/+

-2.87 (2.89)
0.95/0.95
735/1,288

-2.44 (3.50)
-0.51/0.47
381/646

Coeff. (SE)
Bandwidth -/+
N -/+

0.16 (2.56)
1.01/1.01
1,201/1,745

2.59 (3.05)
-0.51/0.47
381/646

Coeff. (SE)
Bandwidth -/+
N -/+

-0.53 (0.99)
1.12/1.12
1,366/1,915

-2.00 (1.23)
-0.51/0.47
381/646

Sample
average

Average age in 2001

34.92

Share of women in 2001

29.97%

Share of blue collars in 2001

74.60%

Share of part-time workers in
2001

4.17%

Notes: See Table 2.

Non-parametric
RDD

Table 6 – Medium-term impact on employment and wages
Outcome variable: Additional
employees in 2001

Outcome variable: Wage
differential in 2001

Nonparametric
RDD

Parametric
RDD

Nonparametric
RDD

Parametric
RDD

(1)

(2)

(3)

(4)

Coeff. (SE)
Bandwidth
N -/+

6.13** (2.45)

5.76** (2.52)

8.13* (4.29)

8.80* (4.67)

0.77
795/1,254

-0.51/0.47
494/735

0.59
585/951

-0.51/0.47
494/734

Coeff. (SE)
Bandwidth
N -/+

1.00 (0.72)
1.00
1,018/1,571

1.09 (0.88)
-0.51/0.47
494/735

9.09*** (2.64)
1.02
873/1,358

11.78*** (3.61)
-0.51/0.47
411/611

Unemployed

Coeff. (SE)
Bandwidth
N -/+

0.10 (0.15)
0.78
802/1,270

0.12 (0.17)
-0.51/0.47
494/735

4.16 (5.16)
0.82
261/530

2.89 (6.12)
-0.51/0.47
153/285

Working in the same LLM
(but a different firm)

Coeff. (SE)
Bandwidth
N -/+

1.97*** (0.61)
0.66
670/1,072

1.72*** (0.60)
-0.51/0.47
494/735

3.24 (3.86)
0.76
421/827

3.11 (4.07)
-0.51/0.47
261/494

Working in a neighboring
LLM

Coeff. (SE)
Bandwidth
N -/+

0.56*** (0.21)
0.69
679/1,089

0.49** (0.21)
-0.51/0.47
494/735

3.26 (6.12)
0.78
219/421

2.02 (7.19)
-0.51/0.47
133/261

Working in a nonneighboring LLM

Coeff. (SE)
Bandwidth
N -/+

0.30 (0.22)
0.83
859/1,336

0.27 (0.25)
-0.51/0.47
494/735

3.20 (7.44)
1.01
292/609

2.65 (9.26)
-0.51/0.47
137/276

Non-employed: Under 24
born in the same LLM

Coeff. (SE)
Bandwidth
N -/+

0.88 (0.60)
0.94
954/1,494

0.98 (0.69)
-0.51/0.47
494/735

6.81* (3.58)
1.10
762/1,306

7.93* (4.12)
-0.51/0.47
334/570

Non-employed: Under 24
born in another LLM

Coeff. (SE)
Bandwidth
N -/+

0.79 (0.52)
0.80
825/1,300

0.74 (0.56)
-0.51/0.47
494/735

7.28 (4.93)
0.75
422/832

7.87 (4.81)
-0.51/0.47
275/489

Non-employed: Over 24
born in the same LLM

Coeff. (SE)
Bandwidth
N -/+

0.46* (0.26)
0.88
908/1,396

0.50* (0.29)
-0.51/0.47
494/735

2.83 (4.66)
0.97
452/946

4.67 (5.74)
-0.51/0.47
233/454

Non-employed: Over 24
born in another LLM

Coeff. (SE)
Bandwidth
N -/+

0.62*** (0.20)
0.79
811/1,281

0.53** (0.24)
-0.51/0.47
494/735

2.52 (5.50)
0.79
312/626

6.95 (6.26)
-0.51/0.47
185/351

PANEL A
Overall estimate

PANEL B
Disaggregated estimates
Working in the same firm

Notes: See Table 3.

Table 7 – Robustness tests for employment estimates
No Auction 1

Alternative
forcing
variable

Addition of
large firms

(1)

(2)

(3)

Coeff. (SE)
Bandwidth -/+
N -/+

6.12*** (2.28)
0.64
720/883

8.67*** (2.02)
1.60
947/1,582

16.76*** (4.00)
0.62
730/1,133

Working in the same firm

Coeff. (SE)
Bandwidth -/+
N -/+

0.55 (0.78)
0.72
815/984

1.32* (0.68)
2.25
1,337/2,133

3.56** (1.65)
0.75
888/1,351

Unemployed

Coeff. (SE)
Bandwidth -/+
N -/+

0.05 (0.16)
0.68
771/931

0.18 (0.14)
1.68
992/1,663

0.34** (0.16)
0.80
961/1,436

1.66*** (0.55)

1.75*** (0.46)

2.41*** (0.61)

Bandwidth -/+
N -/+

0.63
704/874

1.57
935/1,555

0.64
752/1,153

Working in a neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

0.37** (0.16)
0.86
996/1,111

0.45*** (0.17)
1.52
904/1,511

0.58*** (0.21)
0.74
874/1,335

Working in a non-neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

0.75*** (0.29)
0.51
547/710

0.59*** (0.20)
1.43
851/1,447

1.03*** (0.34)
0.59
687/1,061

Non-employed: Under 24 born in the
same LLM

Coeff. (SE)
Bandwidth -/+
N -/+

1.63*** (0.56)
0.72
812/980

1.56*** (0.43)
1.90
1,131/1,872

2.27*** (0.55)
0.78
927/1,400

Non-employed: Under 24 born in
another LLM

Coeff. (SE)
Bandwidth -/+
N -/+

0.40 (0.43)
0.63
711/879

0.87** (0.35)
1.73
1,021/1,702

1.60*** (0.49)
0.67
791/1,203

Non-employed: Over 24 born in the
same LLM

Coeff. (SE)
Bandwidth -/+
N -/+

0.75*** (0.28)
0.67
759/919

0.83*** (0.23)
1.53
912/1,517

1.10*** (0.29)
0.66
782/1,189

Non-employed: Over 24 born in another
LLM

Coeff. (SE)
Bandwidth -/+
N -/+

0.54*** (0.20)
0.67
752/911

0.72*** (0.18)
1.30
761/1,313

1.15*** (0.25)
0.56
646/1,029

PANEL A
Overall estimate: Additional employees
in 2001
PANEL B
Disaggregated estimates: Additional
employees in 2001 by employment
condition in 1995

Working in the same LLM (but a
different firm)

Coeff. (SE)

Notes: All estimates are non-parametric robust bias-corrected (Calonico et al., 2019). The bandwidths for each nonparametric local linear regression are selected using the optimal data‐driven method as per Calonico et al. (2019). N− and
N+ denote the number of cases within the bandwidth below and above the threshold, respectively. The control variables
included are the number of employees in 1995, the average wage in 1995, ranking dummies, and sector dummies (the
intermediate SNA/ISIC aggregation). We considered full-time as well as part-time employees. The average subsidy in
Auction 1 was 32%, 68%, and 84% larger than the average subsidy in auctions 2, 3, and 4, respectively. ***p<0.01,
**p<0.05, *p<0.1.

Table 8 – Robustness tests for wage estimates
No Auction 1

Alternative
forcing
variable

Addition of
large firms

(1)

(2)

(3)

Coeff. (SE)
Bandwidth -/+
N -/+

3.32 (4.17)
0.96
1,095/1,198

3.66 (3.83)
1.95
1,153/1,908

3.14 (3.49)
1.19
1,436/2,010

Working in the same firm

Coeff. (SE)
Bandwidth -/+
N -/+

8.73*** (2.88)
0.72
722/862

6.39*** (2.00)
2.38
1,244/2,012

8.25*** (2.68)
0.78
820/1,258

Unemployed

Coeff. (SE)
Bandwidth -/+
N -/+

-6.06 (5.74)
0.59
200/353

-2.65 (4.33)
1.70
302/722

-1.99 (4.74)
0.83
301/638

3.08 (3.93)

2.85 (3.37)

3.91 (3.39)

Bandwidth -/+
N -/+

0.88
555/742

0.59
607/1,269

0.97
631/1,148

Working in a neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

7.91 (6.22)
0.68
194/314

5.81 (4.96)
1.54
225/493

8.12 (5.40)
0.75
226/459

Working in a non-neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

6.09 (6.80)
0.82
287/395

5.65 (6.10)
1.73
299/652

5.31 (5.39)
0.90
327/608

Non-employed: Under 24 born in the
same LLM

Coeff. (SE)
Bandwidth -/+
N -/+

8.09* (4.54)
0.69
498/709

7.60* (3.98)
1.53
556/1,140

8.42** (4.20)
0.72
526/974

Non-employed: Under 24 born in
another LLM

Coeff. (SE)
Bandwidth -/+
N -/+

-1.05 (3.93)
0.96
525/750

-1.63 (3.75)
1.77
493/1,078

0.18 (3.88)
0.86
499/958

Non-employed: Over 24 born in the
same LLM

Coeff. (SE)
Bandwidth -/+
N -/+

-3.85 (5.68)
0.65
335/531

-4.74 (5.40)
1.26
339/762

-3.49 (5.02)
0.71
385/766

Non-employed: Over 24 born in another
LLM

Coeff. (SE)
Bandwidth -/+
N -/+

8.18 (6.42)
0.87
349/474

5.41 (5.48)
1.75
344/747

6.16 (5.88)
0.86
352/661

PANEL A
Overall estimate: Wage differential in
2001
PANEL B
Disaggregated estimates: Wage
differential in 2001 by employment
condition in 1995

Working in the same LLM (but a
different firm)

Notes: See Table 7

Coeff. (SE)

Appendix A. Data description
15,078 firms applied to be financed by L488 in the first 4 auctions in the South of Italy, presenting a
total of 22,548 projects. The number of projects is larger than the number of firms because firms
could present multiple projects, and they could re-present a project in the following auctions in case
it was not financed. In case a project was never financed, we kept only the first application, while in
case a project was eventually financed, we only kept the project in the awarding auction. In case a
firm received subsidies for more than one project, we kept only the observation relative to the first
awarded project.
We then proceeded to the removal of specific categories of observations:
-

firms for which we do not have the VAT identification number;

-

subsidized firms from which the Ministry of Economic Development has revoked more than
25% of the L488 funds;

-

subsidized firms with awarded projects which received the L488 funds even if their project
scored below the assignment threshold. Most of these projects concerned the 1st auction
because it included a transitory clause that allowed firms not eligible under L488 to be
financed as well (see Bronzini and de Blasio, 2006);

-

firms for which we could not match the VAT identification number with the INPS database;

-

firms registered to the INPS but with no registered employees;

-

firms belonging to the tertiary sector;

-

the 88 firms with more than 250 employees in 1995.

After such a cleaning process, we were left with 9,674 firms. 3,280 of them were start-ups, i.e., they
had no registered employees in 1995, 685 of them were present in the INPS archive only in 1995, and
5,621 firms were present in the INPS archive both in 1995 and in 2001. The latter group of firms
makes up our final sample. Table A1 reports the descriptive statistics of the group of firms mentioned
above split by treatment status, while Table A2 presents the sectoral composition of the final sample.
INSERT TABLES A1 AND A2

Table A1 - Descriptive statistics split by groups and treatment status
Firms with
registered
employees in
1995 and 2001
(<250 employees
in 1995)

Firms with
registered
employees in
1995 and 2001
(≥250 employees
in 1995)

Firms with
registered
employees only
in 1995

Firms with
registered
employees only
in 2001

T

NT

T

NT

T

NT

T

NT

Number of firms

3,312

2,309

79

9

288

397

1,153

2,217

The average number of
employees in 1995

22.96

15.30

1,587

503

58

18

0

0

The median number of
employees in 1995

12

8

503

554

9.5

4

0

0

Average L488 funds
received in thousands of €

661

/

6,469

/

971

/

749

/

Median L488 funds
received in thousands of €

366

/

2,824

/

370

/

358

/

Table A2 - Sectoral composition on the final sample
Sector

Control

Treated

C: Mining and quarrying

76

79

DA: Manufacture of food products, beverages, and tobacco

451

640

DB: Manufacture of textiles and textile products

209

336

DC: Manufacture of leather and leather products

86

140

DD: Manufacture of wood and wood products

113

161

DE: Manufacture of pulp, paper and paper products; publishing and
printing

129

176

DF: Manufacture of coke, refined petroleum products, and nuclear fuel

36

30

DG: Manufacture of chemicals, chemical products, and man-made
fibres

59

88

DH: Manufacture of rubber and plastic products

97

182

DI: Manufacture of other non-metallic mineral products

309

364

DJ: Manufacture of basic metals and fabricated metal products

356

511

DK: Manufacture of machinery and equipment n.e.c.

118

164

DL: Manufacture of electrical and optical equipment

78

156

DM: Manufacture of transport equipment

60

80

DN: Manufacturing n.e.c

132

205

Appendix B. Additional estimates
Figure B1 – Log wage differences at the discontinuity between subsidized and non-subsidized firms
in 2001
Panel A – Overall impact

Panel B – Estimates disaggregated by working situation in 1995

Notes: The dots are bin averages (bin width = 0.05). The solid line represents a first-order polynomial regression. The
shaded area represents 95% confidence intervals.

Table B1 – Employment estimates without fixed-effects and pre-treatment variables
Non-parametric
RDD
(1)

Parametric
RDD
(2)

Coeff. (SE)
Bandwidth -/+
N -/+

13.61*** (3.52)
0.69/0.69
810/1,238

12.17*** (3.66)
-0.51/0.47
577/828

Working in the same firm

Coeff. (SE)
Bandwidth -/+
N -/+

2.12 (1.48)
0.83/0.83
1,004/1,469

2.01 (1.82)
-0.51/0.47
577/828

Unemployed

Coeff. (SE)
Bandwidth -/+
N -/+

0.27* (0.15)
0.88/0.88
1,062/1,537

0.24 (0.17)
-0.51/0.47
577/828

Working in the same LLM (but a different firm)

Coeff. (SE)
Bandwidth -/+
N -/+

2.61*** (0.57)
0.73/0.73
863/1,310

2.61*** (0.60)
-0.51/0.47
577/828

Working in a neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

0.58*** (0.19)
0.76/0.76
899/1,358

0.53*** (0.21)
-0.51/0.47
577/828

Working in a non-neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

1.05*** (0.29)
0.59/0.59
687/1,058

0.79*** (0.26)
-0.51/0.47
577/828

Non-employed: Under 24 born in the same
LLM

Coeff. (SE)
Bandwidth -/+
N -/+

2.03*** (0.51)
0.89/0.89
1,084/1,566

2.33*** (0.57)
-0.51/0.47
577/828

Coeff. (SE)
Bandwidth -/+
N -/+

1.24*** (0.41)
0.80/0.80
960/1,426

1.32*** (0.45)
-0.51/0.47
577/828

Coeff. (SE)
Bandwidth -/+
N -/+

0.87*** (0.27)
0.76/0.76
905/1,358

0.86*** (0.28)
-0.51/0.47
577/828

Coeff. (SE)
Bandwidth -/+
N -/+

0.89*** (0.21)
0.65/0.65
770/1,170

0.77*** (0.22)
-0.51/0.47
577/828

PANEL A
Overall estimate: Additional employees in 2001

PANEL B
Disaggregated estimates: Additional employees
in 2001 by employment condition in 1995

Non-employed: Under 24 born in another LLM

Non-employed: Over 24 born in the same LLM

Non-employed: Over 24 born in another LLM

Notes: All non-parametric estimates are robust bias-corrected (Calonico et al., 2019). The bandwidths for each nonparametric local linear regression are selected using the optimal data‐driven method as per Calonico et al. (2019).
Parametric estimates include a 1st order polynomial in the forcing variable, which is allowed to differ on the left and the
right of the cut-off point. N− and N+ denote the number of cases within the bandwidth below and above the threshold,
respectively. We considered full-time as well as part-time employees. ***p<0.01, **p<0.05, *p<0.1.

Table B2 – Wage estimates without control variables
Non-parametric
RDD
(1)

Parametric
RDD
(2)

Coeff. (SE)
Bandwidth -/+
N -/+

2.20 (5.02)
0.93/0.93
1,112/1,627

-0.06 (5.91)
-0.51/0.47
577/828

Working in the same firm

Coeff. (SE)
Bandwidth -/+
N -/+

8.96*** (3.50)
0.72/0.72
754 /1,162

9.43*** (3.60)
-0.51/0.47
511/731

Unemployed

Coeff. (SE)
Bandwidth -/+
N -/+

-4.55 (5.55)
0.86/0.86
314/646

-6.60 (5.74)
-0.51/0.47
171/366

Working in the same LLM (but a different firm)

Coeff. (SE)
Bandwidth -/+
N -/+

1.90 (3.71)
0.92/0.92
601/1,078

2.51 (4.22)
-0.51/0.47
312/554

Working in a neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

9.16 (6.57)
0.71/0.71
206/424

9.34 (6.55)
-0.51/0.47
144/288

Working in a non-neighboring LLM

Coeff. (SE)
Bandwidth -/+
N -/+

2.54 (7.72)
0.85/0.85
302/566

4.40 (8.81)
-0.51/0.47
173/319

Non-employed: Under 24 born in the same
LLM

Coeff. (SE)
Bandwidth -/+
N -/+

6.31 (4.34)
0.72/0.72
521/965

6.19 (4.07)
-0.51/0.47
355/631

Coeff. (SE)
Bandwidth -/+
N -/+

-1.98 (4.33)
0.86/0.86
498/949

1.82 (4.81)
-0.51/0.47
267/509

Coeff. (SE)
Bandwidth -/+
N -/+

-4.45 (5.55)
0.78/0.78
408/818

-4.51 (5.34)
-0.51/0.47
269/502

Coeff. (SE)
Bandwidth -/+
N -/+

5.57 (6.78)
0.93/0.93
373/707

9.97 (7.10)
-0.51/0.47
192/353

PANEL A
Overall estimate: Wage differential in 2001

PANEL B
Disaggregated estimates: Wage differential in
2001 by employment condition in 1995

Non-employed: Under 24 born in another LLM

Non-employed: Over 24 born in the same LLM

Non-employed: Over 24 born in another LLM

Notes: See Table B1.

Table B3 – Decomposition of the statistically significant wage estimates
Outcome variable: Wage differential in 2001
by employment condition in 1995

Working in the same firm

-

Blue-collars

-

White-collars

Non-employed: Under 24 born in the same
LLM

-

Blue-collars

-

White-collars

Non-parametric
RDD

Parametric
RDD

(1)

(2)

Coeff. (SE)
Bandwidth -/+
N -/+

7.60*** (2.61)
0.78/0.78
825/1,255

9.26*** (3.22)
-0.51/0.47
511/731

Coeff. (SE)
Bandwidth -/+
N -/+

5.36*** (1.77)
1.19
1,184/1,726

6.26** (2.57)
-0.51/0.47
482/697

Coeff. (SE)
Bandwidth -/+
N -/+

17.94*** (5.83)
0.67
329/602

17.73*** (5.79)
-0.51/0.47
237/417

Coeff. (SE)
Bandwidth -/+
N -/+

7.83* (4.13)
0.73/0.73
529/973

7.52* (3.91)
-0.51/0.47
355/631

Coeff. (SE)
Bandwidth -/+
N -/+

6.27** (3.12)
0.89
482/962

5.85 (3.73)
-0.51/0.47
270/522

Coeff. (SE)
Bandwidth -/+
N -/+

11.24* (5.81)
0.75
199/461

12.46** (5.73)
-0.51/0.47
132/297

Notes: All non-parametric estimates are robust bias-corrected (Calonico et al., 2019). The bandwidths for each nonparametric local linear regression are selected using the optimal data‐driven method as per Calonico et al. (2019).
Parametric estimates include a 1st order polynomial in the forcing variable, which is allowed to differ on the left and the
right of the cut-off point. N− and N+ denote the number of cases within the bandwidth below and above the threshold,
respectively. All estimates include the following control variables: the number of employees in 1995, the average wage
in 1995, regional dummies and sector dummies (2-digit NACE classification). We considered full-time as well as parttime employees. ***p<0.01, **p<0.05, *p<0.1.

Table B4 – Job switches between treated and non-treated firms
Non treated firms in 2001

Treated firms in 2001

Non treated firms in 1995

296

719

Treated firms in 1995

747

1,894

Note: The cumulative number of workers in treated and non-treated firms in 2001 was 153,308 (44,061 of them in
untreated firms, while 109,247 workers were in treated firms).

