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Abstract
We analyze the real-economy effects of organized crime infiltrations in legitimate
businesses. We focus on the case of the 'ndrangheta, a large criminal organization that
originates from the South of Italy. Combining information from investigative records with
panel data on firms' governance and balance sheets, we build an indicator of 'ndrangheta
infiltrations in firms located in the Center and North of Italy, i.e. areas with no tradition of
organized crime. We show that (a) organized crime tends to infiltrate firms in financial
distress and sectors that are more reliant on public sector demand or more prone to money
laundering; (b) infiltration generates a significant rise in the affected firm's own revenues; and
(c) the penetration of organized crime produces a long-run negative effect on economic
growth at the local level.
JEL Classification: D02, K42, L11.
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Introduction∗

1

The proceeds generated by organized crime in illicit markets are estimated to amount to
about 2% to 5% of global GDP (UNODC, 2011). However, what makes the activity of
criminal organizations a first order relevance issue is not just the substantial size of the
business, but most importantly the costs that it imposes on the economy and on the society as
a whole. The available estimates, indeed, suggest that the presence of mafia can substantially
reduce GDP per capita growth (according to Pinotti, 2015b the loss would be up to around
16% over a thirty years period).
The channels through which organized crime may reduce the wealth and well-being of a
country are manifold. First, direct costs, which include all the public and private resources
that are deployed in the fight against criminal organizations and all the resources that such
organizations directly subtract from the economy (e.g., through thefts, robberies or extortions). Secondly, indirect costs, which include all the distortions in the economy generated
by the presence and action of criminal organizations in the area. While being more difficult
to measure and still largely under-investigated, the latter are likely of much larger magnitude than the direct costs.2 Examples of indirect costs may include cases where corruptive
ties between criminal groups and the local government affect public spending redirecting it
toward particularistic and criminal objectives (Barone and Narciso, 2015; Pinotti, 2015b);
or where the intimidating power of criminal organizations distorts the functioning of the
market; or where the availability of illegal capital imposes a competitive advantage on firms
that are connected to criminal organizations. Several papers, moreover, documented that
organized crime negatively affects the selection and behavior of politicians (Acemoglu et al.,
2013; Daniele and Geys, 2015; De Feo and De Luca, 2017; Alesina et al., 2018)3 .
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2
See Gambetta and Reuter (1995) for one of the first attempts to examine the market behavior of organized
crime and its involvement in legitimate industries.
3
See Gambetta (1993), Bandiera (2003), Buonanno et al. (2015), Dimico et al. (2017) and Acemoglu et al.
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In this paper we study the spreading of organized crime in the legal economy. To this
purpose, we build an indicator of organized crime entry into private business, and then
estimate the impact of such infiltrations on the performance of both the targeted firm and
the broader local economy. We investigate the case of the ’ndrangheta, one of the world’s
largest criminal organizations, which originated in the Italian southern region of Calabria
and gradually expanded beyond the regional and national borders (Varese, 2006; Ciconte,
2008; Sergi and Lavorgna, 2016).
We construct a statistical indicator of infiltration leveraging on several data sources and
some assumptions. Specifically, we combine firm-level data reporting the structure of firms’
ownership and governance with information drawn from judicial and investigative evidence
on the families belonging to the ’ndrangheta that were found to be infiltrated in business
in the Center and North of Italy. This allows identifying firms in the Center-North whose
owners and directors share the family name and area of origin typical of the ’ndrangheta, a
measure of the probability that the firm is infiltrated.4
This indicator produces several interesting figures which well match the existing anecdotal
and judicial evidence: the ’ndrangheta is more widespread in the North-West and primarily
operates in sectors that rely more on public sector demand and in those that are more prone
to money laundering. In the former case, the main driver of infiltration is profit maximization
and rent extraction while in the second case infiltrations are aimed at concealing the proceeds
of illegal activities. Moreover, we show that infiltrations usually occur in less productive and
less profitable firms and that, in a dynamic perspective, the targeted firms are characterized
by an increasing degree of financial vulnerability in the years before the infiltration.
Armed with this indicator, we then estimate the effects of infiltration on the infiltrated
firm’s performance using a Difference in Differences (DID) approach and corroborate them
through the Synthetic Control Method (SCM) which allows us to refine the control group
(2019) for different evidences on the origin and rise of the Sicilian Mafia.
4
While not a direct indicator of true infiltration, and potentially subject to (mis-)measurement issues,
this probabilistic measure captures well some aggregate patterns of mafia diffusion, as measured by alternative judicial and police sources. For example, it mimics sufficiently well the geographical distribution of
’ndrangheta activities and the sectoral specialization of criminal organizations (Section 4). In the empirical
analysis we will extensively check for the relevance of the potential (mis-)measurement issues stemming from
the statistical nature of the indicator (e.g., type I and type II errors) (Section 5). With this caveats in
mind, note that in the remainder of the paper we will use the two terms “infiltrated” and “treated” firms
interchangeably, always referring to what is predicted by our statistical indicator.
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and to observe the dynamics of the effects. These results show that the entry of organized
crime significantly increases the revenues of infiltrated firms. Such better performance is
also associated with an increase in the number of employees while it tends not to be coupled
with an increase in investments. We also find that infiltrated firms have a higher likelihood
of exiting the market, although we cannot distinguish whether such exit is voluntary or it
is due to the intervention of the judicial authority. These findings are fairly similar across
sectors and are consistent with a story of predatory behavior in which investments in legal
businesses are used by criminal organizations for money laundering or for skimming money
off public contracts and then exit the market.
Finally, we exploit our data to estimate the effects of such infiltrations on long-run economic growth at the local level. As the ’ndrangheta was essentially absent in the Center
and North of Italy at the beginning of the 1970s and progressively penetrated this area in
the following decades, we can use our indicator as a measure of the extent of such long-term
penetration at the local level. We thus combine it with historical municipal Census data and
employ an instrumental variable approach that exploits the variation in the forced settlements of ’ndrangheta affiliates across municipalities in the Center and North from the 1970s.
Our results show that the penetration of the ’ndrangheta produces a large and significant
negative effect on the long-run local economic growth, and that such effect is larger for sectors that are more likely to be targeted by organized crime with the aim of making profits,
rather than for those where the ’ndrangheta operates to conceal illicit activities.
Relative to the still scant existing literature on the economic impact of organized crime,
our paper innovates on several dimensions. First, by building a firm-level indicator of criminal connection, we manage to provide micro-level evidence of the presence and impact of
organized crime, whereas the previous contributions mostly looked at aggregate economic
outcomes (Peri, 2004; Pinotti, 2015a,b). To the best of our knowledge, we are the first to
provide such a detailed picture of the phenomenon, showing the characteristics of the firms
more exposed to mafia infiltration and tracing the dynamics of their performance before and
after the criminal infiltration. Second, we are able to exploit such micro-level information
to analyze the final effect of organized crime penetration at a very fine level of geographical
partitioning i.e., the single municipality. Previous studies that attempted to estimate such
long-run impact generally relied on more aggregate data, typically province or regional level
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ones.5 Third, we analyze the effects of the expansion of organized crime in areas with no
tradition of mafia settlements whereas previous studies focused on the impact of organized
crime on its area of origin (Pinotti, 2015b). This issue has gained increased attention in the
policy debate in that, as it was somehow anticipated by the suggestive and prescient image
of the palm tree line by the Sicilian novelist Leonardo Sciascia in the early 1960s, organized
crime has progressively “diversified, gone global and reached macro-economic proportions”
(UNODC, 2010).
The remainder of the paper is structured as follows: Section 2 introduces the ’ndrangheta,
its historical roots and the relatively recent expansion in the Center-North of Italy; Section 3
describes the data and the way we construct our main variables; Section 4 provides some descriptive evidence and validation of our ’ndrangheta infiltration indicator; Section 5 presents
the estimates of the impact of ’ndrangheta infiltrations at the firm level and provides a wide
array of robustness checks; Section 6 is dedicated to the estimation of the effects on the local
economy in the long-run; and Section 7 concludes.

2

The ’ndrangheta

The ’ndrangheta is a criminal organization that originated in Calabria, a region in the
extreme south of Italy.6 The economic relevance of the ’ndrangheta is significant and growing:
according to Transcrime (2015) its revenues from illicit activities in 2010 amounted to 3.5
billion euro, nearly twice as much as those of the more famous Sicilian Cosa Nostra; moreover,
according to Europol (2013) the ’ndrangheta is currently amongst the richest and most
powerful organized crime groups at the global level.
The most prominent characteristics of this criminal organization are expressed in its
name. The word ’ndrangheta has uncertain origins, but the most widespread view believes
that the name comes from the Greek andragathia which stands for courage or loyalty; an alternative explanation would instead connect the word to the Latin interanea, which indicates
the entrails of an animal. The two interpretations point at two key characteristics of the
criminal organization, on the one hand the asserted strength and integrity of its members,
5

A notable exception is the recent paper by Acemoglu et al. (2019) who estimate the effects of Mafia
historical development on literacy and public goods provision across Sicilian municipalities in the early 1900s.
6
For a more in depth introduction to the ’ndrangheta, see Ciconte (2008); Gratteri and Nicaso (2009);
Sergi and Lavorgna (2016).
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on the other hand the reference to a visceral relationship amongst them. Such characteristics
have provided the ’ndrangheta with a tight clan structure that has made it famously difficult
to penetrate. As a matter of fact, the number of “penitent” mafiosi amongst ’ndrangheta
affiliates has historically been much lower than amongst those affiliated to Cosa Nostra in
Sicily (Gratteri and Nicaso, 2009). The reason of such compactness is that membership to a
specific clan is generally determined through family ties rather than by affiliation. Salvatore
Boemi, prosecutor in Reggio Calabria, told the Italian Antimafia Parliamentary Commission (henceforth APC) that “one becomes a member for the simple fact of being born in a
mafia family”. As a result, a few blood families constitute each group, and hence “a high
number of people with the same last name often end up being prosecuted for membership
of a given clan” (Varese, 2006). The direct consequence of such tight family structure of
the ’ndrangheta is a high fragmentation: according to the Italian Anti-Mafia in the sole
province of Reggio Calabria there are currently more than 50 distinct clans, whereas the
larger province of Palermo, traditional territory of the Sicilian Cosa Nostra, would count
just seven (Figure A.1).
The ’ndrangheta made its first appearance towards the end of the XIX century in the
province of Reggio Calabria. It initially represented degenerate cells of the brigandage movements that were active on the Aspromonte uplands and that were opposing Italy’s unification,
which was coming along with the dissolution of the feudal system and the introduction of
modern capitalism in the rural areas of the South. For almost a century, the ’ndrangheta
remained a local phenomenon, a peripheral form of rural banditry, devoted to racket and
extortion. This criminal organization started building its economic power in the 1970s and
1980s, first with a penetration in the entrepreneurial soul that was at the time being fed by
massive injections of public funds,7 and later with the ransoms deriving from kidnappings,
mainly of Northern Italy businessmen.8 Revenues from such activities were then invested in
cigarette smuggling first, and drug trafficking later on, a transnational business in which over
the years the ’ndrangheta reached a leading position. In the 1980s, according to the reports
7

The starting of the construction of the A3 motorway dates back to 1964; the “Pacchetto Colombo”, a
package of public infrastructure investments in the region, was passed in the early 1970s; in the same period,
the works for the construction of the port of Gioia Tauro were started. All these works were later found to
be infiltrated by the ’ndrangheta.
8
The so called “kidnapping season” counts over 200 kidnappings attributed to ’ndrangheta clans. The
first resounding one was that of the 16-years-old Paul Getty III, nephew of the homonym petrol-industrialist,
kidnapped in Rome in 1973. The boy was released after the payment of a 3 million US$ ransom.
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of the APC, the ’ndrangheta began to invest in the North of Italy the proceeds of its illegal
activities. Penetration in the northern regions followed the post WWII migration patterns
when hundreds of thousands of Calabrians settled in the richer and more dynamic North.
Moreover, the application of the confino law from the 1960s, forced the relocation of some
members of the ’ndrangheta in the regions of the Center and North, in the (unsuccesful)
attempt to break their links with the criminal associations of their homeland. In the 1990s,
finally, the Calabrian mafiosi started to build business connections with the South American
drugs cartels, thus turning the ’ndrangheta into a truly global organization. Today, indeed,
the Calabrian mobsters are believed to control most of the transatlantic drug traffic that
feeds the European market (Gratteri and Nicaso, 2016) and the vast majority of the organization’s revenues are estimated to be produced outside Calabria. According to Transcrime
(2015), only 23% of the ’ndrangheta revenues are currently produced in the organization’s
region of origin while the corresponding figures for the Sicilian Cosa Nostra and the Neapolitan Camorra are above 60%. Unlike other criminal organizations, upon expansion outside of
its original borders, the ’ndrangheta tended to recreate its own structure and environment,
building a tight criminal network that encompasses both productive and political bodies in a
proceeds that has been explained by sociologists in terms of colonization or transplantation
(Varese, 2006).9
Its economic and financial primacy amongst criminal organizations, together with its
core characteristics, namely its tight family structure and its glocal character, make the
’ndrangheta particularly suitable for our study. Stated differently, the ’ndrangheta represents
the archetype of the criminal organization that becomes international and that infiltrates
the legal economy outside its area of origin.
9
This was certainly due, at least partly, to the very different environments in which the organizations
operated in their areas of origin: while Cosa Nostra and Camorra controlled large urban and industrial
areas, ’ndrangheta clans could only rely on the activities that were carried out in small rural villages, so
that searching for new and more profitable markets was essential. See also Varese (2006), Varese (2011),
Buonanno and Pazzona (2014) and Scognamiglio (2018) for evidence on the migration patterns of mafias.
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3
3.1

Data and variables
Data sources and sample construction

Our analysis combines several data sources to identify the presence of the ’ndrangheta in a
given firm and estimate its effects both on the firm itself and on its competitors.
The first source of information is the Company Account Data Service (CADS), which
contains balance sheet information for the universe of all Italian corporations from year 2000
to 2016.10 From this database we can extract yearly information on economic and financial
variables, such as the revenues, sector of economic activity, age, (tangible and intangible)
assets, wage bill, production costs, measures of profitability and of financial distress and a
credit rating index.
Second, we take data from the Italian Chamber of Commerce (Infocamere). This contains
records of the names and social security numbers (codici fiscali) of all owners and directors
of all Italian firms. We reconstructed the ownership structure of firms tracking owners up
to four levels (i.e., owners of the owning companies). The Infocamere data are available
from 2006. All limited liability firms whose balance sheet information is recorded in the
CADS dataset are also registered on Infocamere so we can merge the two datasets using the
fiscal identifier of the firm to obtain a sample spanning from 2006 to 2016, with complete
information on all Italian corporations.
The last source of data we employ is a report on the presence of Organized Crime in
the Center and North of Italy prepared for the APC. This includes information drawn from
judicial and investigative evidence over various years (Dalla Chiesa et al., 2014). In particular, the report contains the names of the clans that were found doing business in those
areas. The number of ’ndrangheta clans operating in the Center and North, according to
the report, amounts to about 250 families, a number significantly larger than that of Cosa
Nostra or Camorra clans operating in those areas. This confirms the strong propensity of
the ’ndrangheta to export its activity outside its area of origin as well as its fragmentation
into numerous small family-based clans.
10

Corporations in Italy account for about 20% of the total number of firms, but employ over 50% of the
private sector workforce. According to Transcrime (2015), limited liability firms, in particular, are those
with the greatest risk of infiltration because they can be easily set up and provide limited liability to their
owners.
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3.2

Detecting ’ndrangheta infiltrations

We combine these three datasets to define a treatment variable that will be a binary proxy
for ’ndrangheta infiltration. To this purpose, we exploit information on last names and place
of birth of all directors and owners of firms located in the Center and North. As discussed
in Section 2, last names carry a particularly high informational content when considering
’ndrangheta affiliations. Operationally, we consider only firms based in central and northern
Italy and identify all those that in a given year had at least one director or owner (i) whose
last name matched one of those in the list of the APC of family clans operating in the
Center and North and (ii) who was born in Calabria. Whenever these two conditions are
jointly met we assign the treatment indicator value one in that given year and we classify the
firm as infiltrated from that moment onwards. Our definition of treated and control units
clearly has a purely statistical nature and may potentially be subject to classification errors.
In particular, we may be misclassifying an infiltrated firm as a non-infiltrated one (Type I
error ) and also misclassifying a healthy firm as one connected to the ’ndrangheta (Type II
error ). The first case would arise, for example, whenever the member of the criminal clan
that takes a seat in the firm does not carry the family name of the clan, for example if he
is the husband or son of a female member of the family, or in cases in which the member
of the clan is a second generation immigrant. It may also be the case that a clan enters
a firm through some figurehead rather than directly through a member of the family clan.
Finally, and most obviously, it may be that not all the families connected to ’ndrangheta
that operate in the Center and North have been detected by anti mafia investigations and
thus their names would not be reported on the list of the APC. The second case, instead,
will occur if we incorrectly assign value one to the infiltration indicator when the person
sitting in the board of the firm or figuring amongst its owners, despite his name and origin,
does not belong to a clan.
In Appendix B we show that, as long as we can confidently assume that both Type I
and Type II error are below 0.5, i.e., that our classification criteria carry sufficient predictive
power, the coefficient we estimate will have the correct sign and a magnitude that is lower
than the true parameter of interest. Thus the effect we estimate will need to be interpreted
as lower bound of the real one.
Our coefficient would be upward biased, instead, if the error was positively correlated
with the outcome variable. This would be the case if, for example, we were systematically
12

over-classifying as treated larger firms and if such larger firms, in turn, had a higher growth
rate of revenues with respect to the rest of the sample. To at least partially address this
concern, we also replicate our analysis on a subsample of firms in which the (observable)
characteristics of treated and control units are balanced.

4

Validation and descriptive evidence

Following the methodology described in section 3.2 we identify nearly 8,000 owners or directors with the specified characteristics, these account for 0.2% of the total number of
individuals in our dataset. The corresponding number of firms that were infiltrated, according to our methodology, at some point in time is about 9,200, i.e., 0.7% of the total. These,
are generally large firms, so that the revenues they produced in 2016 accounted for almost
2% of the total, i.e., about 42 billion euro.
Crucially, for about two thirds of the firms that we classify as treated (N = 5, 959) we are
able to identify the year in which the ’ndrangheta entered the ownership or administration
of the firm. These are the cases in which the infiltration took place after 2006, i.e., the first
year in which we observe the ownership and governance structure of the firms. In Figure 1
(left panel) we show that infiltrations were evenly distributed over time until 2011 and then
diminished. This figure is to be interpreted as evidence of the fact that the criminal activity
we are analyzing resulted from the investigations published in 2014, therefore it is natural
to expect it to be reduced in the years just before the release of the APC report. In Figure 1
(right panel) we show the distribution of the age of the firm when the infiltration took place.
Interestingly, a significant fraction of the firms (27%) were infiltrated in the very first year
of activity.
[Figure 1]
In 51% of our infiltrated firms we find only one alleged mafioso amongst the owners
or directors while in only 10% we find more than three individuals likely affiliated to the
’ndrangheta (Figure 2). Moreover, infiltration mostly occurs through the acquisition of the
shares of the company and to a lesser extent through the entrance of a member of the clan
in the board of directors. We will exploit such variation to carry out some sensitivity checks
in Section 5.2, but for our main analysis will only rely on the extensive measure described
13

in section 3.2. Indeed, we believe that is difficult to obtain a measure of the intensity of
infiltration from this information in that the presence of at least one alleged mafioso is
arguably a signal of the infiltration of the criminal organization in the firm, whereas the
number of infiltrated individuals and/or their role in the firm are not necessarily related to
their influence over the firm behavior.
[Figure 2]
To test the accuracy of our index of infiltration, we perform several test. First, we
compare the geographical distribution of the infiltrated firms that results from our index,
with that of the other existing indicators of ’ndrangheta presence. As shown in Figure 3,
the distribution of treated firms resulting from our methodology is not uniform over the
territory but highly concentrated in the North-West of Italy. Moreover, the share of treated
firms is well above the mean in most of the metropolitan areas (i.e. Turin, Genoa, Roma,
Milan and Bologna). This geographical pattern is consistent with the existing evidence.
Indeed, according to Transcrime (2015), outside its region of origin, the ’ndrangheta would
be mainly concentrated in the North-West, whereas the Sicilian Cosa Nostra and Camorra
would be more active in central Italy (Figure 4). Moreover, as of today, there have been eight
municipal governments in the Center and North that have been dismissed for organized crime
infiltrations and in all cases they were located in the North-West (only one was in EmiliaRomagna) and were dismissed for ’ndrangheta allegations.11
[Figures 3 and 4]
Second, we get some insights from the sectoral distribution of infiltrated firms.12 Figure 5
shows the sectoral distribution of the treated firms (left panel) and the sectoral specialization
(right panel), the latter being measured as the ratio between the share of a given sector
amongst treated firms and that across all firms. Our indicator suggests that the ’ndrangheta
is more likely to enter the constructions sector (19%) followed by the real estate (15%) and
the wholesale and retail trade (11%). Yet, looking at the odds ratios, we see that treated
11

These were: Bardonecchia (Piedmont) in 1995, Bordighera (Liguria) in 2011, Ventimiglia (Liguria)
in 2012, Leini (Piedmont) in 2012, Rivarolo Canavese (Piedmont) in 2012, Sedriano (Lombardy) in 2013,
Brescello (Emilia-Romagna) in 2015 and Seregno (Lombardy) in 2017.
12
We define sectors following the ISIC (International Standard Industrial Classification of All Economic
Activities) classification.
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firms are particularly over-represented in the sector of utilities (which is characterized by
the presence of firms operating in close relationship with the Public Administration) and
in that of financial services (e.g., money transfer services); in contrast, the ’ndrangheta is
under-represented in the agriculture and in the manufacturing sector.
[Figure 5]
To better understand this strong sectoral heterogeneity, we correlated these figures with
other measures computed again at the sectoral level. Namely, in Figure 6 we show that
the incidence of ’ndrangheta infiltration is higher in sectors that rely more heavily on public
demand (top-left panel) and with an estimated higher share of shadow activities (bottom-left
panel). The ’ndrangheta, in contrast, shows a lower propensity to penetrate sectors more
exposed to international competition (top-right panel) or activities that are less suitable for
money laundering (bottom-right panel), i.e., activities characterized by a lower incidence
of production costs with respect to revenues (e.g., accommodation and food services), an
occurrence that facilitates over-invoicing and hiding of the real revenues.13 As expected,
these figures suggest that the ’ndrangheta tends to prefer sectors that are more protected
from competition, those in which it can exploit its coercive and corruptive power to extract
rents (mostly from public spending) and those in which it can mask illicit activities.
[Figure 6]
Unsurprisingly, this sectoral distribution broadly reflects that of the firms seized by the
central government from the mafia. Even though the figures are not perfectly comparable,
as those on confiscated firms refer to a broader time window (from the 1980s) and mostly
refer to the Sicilian Cosa Nostra and to activities located in southern regions, the correlation
between the sectoral distribution observed for firms infiltrated by the ’ndrangheta and that
observed for confiscated firms is 0.74.
[Figure 7]
13

Money can be laundered through several channels and in different sectors of activity, but one of the most
common ways to do it is through a legitimate cash-based business: for instance, if the criminal organization
owns a restaurant (or other service activities where it is more difficult to detect discrepancies between
revenues and variable costs), it might inflate the daily cash receipts to funnel its illegal cash through the
restaurant and into the legal credit system.
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Finally, we exploit the maximum available detail of information on firms seized from the
mafias in the Center-North. This corresponds to nearly 40,000 (municipality-sector) cells
for which we observe the distribution of both confiscated firms (according to the data of
the Ministry of the Interior) and of infiltrated firms (according to our indicator). The two
distributions are significantly correlated and such correlation is robust to the introduction
of municipality and sector fixed effects, aimed at capturing potential omitted variables at
those levels.
[Table 1]
Compared to the non-infiltrated ones, treated firms present some peculiar traits. Table 2
shows the main characteristics of treated firms before infiltration and of all other firms.14 The
comparison of simple mean values shows that infiltrated firms are on average larger and more
productive but less profitable, while we find mixed evidence about their financial soundness.
These findings are, nevertheless, partially reverted when we control for the different sectoral
and geographical distribution of the firms and for their size. In such case, we find that the
firms that the ’ndrangheta targets are, amongst those of larger size, less productive and less
profitable.
[Table 2]
Beyond the above static differences, our data allow us to look at the dynamics of the
firms’ balance sheet data before the treatment. We are thus able to make an exercise that
mimics those of Grogger (1995) and Kling (2006), who look at the dynamics of individual
earnings before committing a criminal offense. Looking at the firms infiltrated by organized
crime, we thus find that before infiltration the group of treated firms experience an average
deterioration of both economic and financial conditions (Figure 8). Yet, such differences are
largely driven by compositional effects, specifically by the progressive entry of new firms,
which are generally smaller and less productive, in the market. Indeed, once we impose
that all firms must be observed in the sample for the full period of analysis, i.e., for at least
five years prior to infiltration, most of differences disappear. We thus find that infiltrated
firms are characterized by a progressive worsening of their financial stability indicators i.e.,
14

Treated firms in this table are only those that were infiltrated after their birth.
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leverage and financial burden, before treatment whereas their economic activity indicators
display a flat trend.
[Figure 8]

5

Empirical analysis

Identification of the impact of infiltrations on firms’ outcomes is a challenging task. Indeed,
infiltrated firms may be different from the other ones along many dimensions, most of which
are likely to be correlated with our outcome variables of interest. In the following subsections
we first present our main results (Section 5.1), then perform a set of robustness checks
(Section 5.2) and propose a different empirical strategy based on the SCM (Section 5.3);
finally, we examine the effects of infiltration on other firm outcomes to shed some light on
the underlying mechanisms (Section 5.4).

5.1

Main results

Our first approach is to exploit the panel dimension of our data to handle, in a simple
way, the endogeneity that is related to the time-invariant unobserved heterogeneity, while
exploiting the variation over time of the infiltration status. The resulting staggered Difference
in Differences or, more generally, fixed-effects model (Autor, 2003) can be formally written
as follows:
yit = α + βN DRit + θi + τt + it

(1)

where yit is the firm’s performance (e.g., revenues); N DRit is a dummy variable that
equals 1 for treated firm i from period t on (i.e., from infiltration onwards) and 0 otherwise.
β is the parameter of interest and measures the effect of ’ndrangheta infiltrations on the
outcome of the treated firms. The specification includes firm and time fixed effects (θi and
τt respectively) to capture firm idiosyncratic characteristics and common shocks. The time
span considered is that of the years 2006 to 2016.
The credibility of the DID crucially relies on the assumption that, in the absence of the
treatment, the performance of the treated and the control units would have followed parallel
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trends over time. This assumption may be implausible if the pre-treatment characteristics
that are associated with the dynamics of the performance variable are unbalanced between
the treated and the control groups. For example, different trends might arise if the treated
and the control units operate in different markets and are exposed to different macro shocks.
To address this issue we enrich the specification with a set of sector-year and province-year
fixed effects to account for possible shocks that are common to narrowly defined clusters of
firms.
Table 3 shows the effects of ’ndrangheta infiltrations on firms’ performance for all firms
that were active in the 2006-2016 period. Specifically, we consider as dependent variable the
(log of) revenues and we use four different specifications: the first includes year and firm fixed
effects to control for yearly shocks common to all firms and idiosyncratic (time-invariant)
firms’ characteristics; the second and the third include fixed effects obtained from the interaction between province and year and between sector and year dummies, respectively; the
fourth includes both sets of fixed effects to control for provincial and sectoral cycles. According to the most demanding specification, ’ndrangheta infiltrations increase the revenues
of the treated firms by approximately 24%.
[Table 3]
The specification discussed so far provides no sense of the dynamic effect of infiltration
on firms’ outcomes. Moreover, one might wonder whether there are anticipation effects that
might cast doubts on the validity of the parallel trend assumption. To explore these issues,
we augment the model with leads and lags of the explanatory variable in the spirit of Autor
(2003). Specifically, we include dummies that capture the difference in (log) levels of revenues
between treated and control firms for different years, before and after the infiltration (with
the year t − 1 taken as reference category). The coefficients on the infiltration lags are
not significantly different from zero, suggesting the absence of an anticipation effect and
of divergent patterns between the two groups before the treatment (Figure 9). Hence, the
parallel trend assumption is empirically satisfied.15 In the year of infiltration the revenues
increase significantly, by nearly 30%. In the following years the gap slightly shrinks, though
15

Figure A.2 shows the graphs that are obtained using different sets of fixed effects. These show that
without firm fixed effects, the difference in the trend between treated and control units before treatment can
hardly be eliminated.
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it remains significant both from an economic and a statistical point of view. However, it is
worth noting that the impact of the ’ndrangheta is easier to detect in the short term while in
a longer perspective we might fail to disentangle firms’ performance from other unobserved
shocks (e.g., the firm comes under investigation by the police and the judicial authority for
suspected mafia infiltration).
[Figure 9]

5.2

Robustness checks

Table 4 contains a first set of robustness checks where we analyze the sensitivity of our results
to the definition of the treatment indicator.
In columns 1 and 2 we adopt two alternative definitions of the treated units. In one
case we use a “looser” definition based on the last names only without considering the
geographical origin of the directors and owners; in another case, instead, we impose a tighter
geographical requirement i.e., being born in the provinces of Reggio Calabria and Crotone
only, the areas in which the ’ndrangheta is more historically rooted (Sergi and Lavorgna,
2016). The two alternative indicators might increase or reduce the misclassification error. For
example, tighter geographical requirements might, on the one hand, increase the accuracy
of the indicator (i.e., lower the Type II error ) and, on the other hand, lead to a larger
measurement error if infiltration mainly occurs through second-generation migrants born
in the Center and North of Italy (i.e., raise the Type I error ). The results show that the
estimated effect is slightly larger when we build the indicator using only family names and
slightly smaller when we consider only those born in Reggio Calabria or Crotone.
In column 3, instead, we test the degree of confoundedness of our results by exploiting
differences in the frequency of the family names reported in the APC list. Indeed, if a name is
particularly widespread in the country, we risk to systematically overestimate the number of
infiltrations because we would classify as connected to the ’ndrangheta a significant number
of people who only happen to share the same last name. On the other hand, for sufficiently
rare last names, our classification should be less subject to error. To test this, we attach
to each last name its frequency amongst the adult population resident in the Center and
North as recorded in the 2005 list of taxpayers. We then split the last names in the APC
list into two groups depending on whether their frequency is above or below the median.
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Results show that indeed, when we use rare last names to classify infiltrated firms, we obtain
a (significantly) larger difference between treated and control units, likely due to a reduction
of the measurement error.
In column 4 we control for the “intensity” of infiltration, distinguishing between firms
with a fraction of alleged mafiosi (over the total number of owners and directors) above or
below the median. We find that the impact of infiltration is significantly higher when there
are more mafiosi involved. However, this result might also be due to the fact that a higher
intensity of infiltration also reflects a reduction of the measurement error to the extent that
the company is effectively more likely to be infiltrated when we find two members, instead
of one, presumably belonging to the organized crime. Moreover, this result might also
(mechanically) reflect the fact that this measure of intensity is greater for small businesses
for which the same absolute increase in turnover translates into higher growth rates compared
to larger firms.
In column 5 we distinguish between infiltrations that occurred through directors and
those that occurred through shareholders. The estimated impact is slightly higher when
infiltration occurs through the acquisition of the shares of the company, i.e., when there is a
more direct involvement of the criminal organization in the control of the firm.
[Table 4]
Table 5 contains a second set of robustness checks. These are aimed at disentangling the
effect of the ’ndrangheta infiltration from those of other changes in the governance of the
firm that may generate similar effects.
In column 1 we consider the effect of the entry in the board of the firm of an individual
born in Calabria, whose last name is not on the APC list. We exclude all those cases in
which the firm was also one of our treated units. In this case we still estimate a positive
effect of the entry of such individuals in the firm, but the magnitude of the coefficient is
about one fifth of the effect of the ’ndrangheta infiltration that we showed in Table 3.
In columns 2 and 3 we perform two pure placebo exercises. Specifically, we identify a
subset of surnames among taxpayers coming from the regions of Basilicata and Sardinia.
These are areas located in the South, have a comparable GDP per capita (in 2005 it was
15,700 euro in Calabria, 17,500 in Basilicata and 18,600 in Sardinia) but are not mafiaregions. In order to construct a comparable group of treated units we selected, for each of
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the two regions, a random sample of last names whose frequency in the Center and North
of Italy was similar to that of the names in the APC list. Specifically, we used Propensity
Score Matching to identify such names, using the frequency as recorded in the 2005 list of
taxpayers, as predictive variable. Interestingly, we find that (i) the presence of such placebo
individuals in the governance of firms in the Center and North is much lower (about one
third) than that of the Calabrians whose last name is one of those on the APC list; (ii) the
estimated effects of the entry of such individuals in the firm’s board is null.
These results are consistent with the hypothesis that the surnames contained in the APC
list are associated with people who have a greater financial liquidity than those of the other
two regions, such as to justify a greater infiltration rate in the Center and North, and that
this greater liquidity likely comes from unobserved sources of income (as the GDP per capita
is similar across the three regions). Moreover, the finding that the infiltration of a Calabrian
with an APC surname generates a larger effect on revenues is consistent with the idea that
this such revenues are mostly due to criminal activities (money laundering or larger market
power resulting from coercion or availability of illicit liquidity).
In column 4, eventually, we run our baseline regression adding a control for the number
of shareholders and directors in the year. This is meant to directly account for the effect of
other changes in the governance of the firm. In this case, therefore, our coefficient of interest
is to be interpreted as the effect of having a member of the clan entering the firm over and
above the effect of having a new board member or a new shareholder. The results show that
the inclusion of such control variable affects the main coefficient only marginally.16
Finally, in column 5, we restrict the sample using a more comparable set of control
units, chosen through Propensity Score Matching (PSM). Namely, for each year, we consider
firms infiltrated in the following year as treated observations and firms that have never
been infiltrated as control group. Then, we use PSM to select, for each treated firm, one
control firm with similar estimated propensity of being infiltrated on the basis of previous
observed characteristics. The characteristics used to obtain the propensity score are the level
of revenues and of production inputs as well as dummies for the sector of activity and the
province where the firm is located.17 The results are again qualitatively confirmed and, if
16

This exercise should capture also the fact that the likelihood of having a surname included in the APC
list is (mechanically) higher when the number of owners and directors is higher.
17
Guadalupe et al. (2012) estimate the impact of foreign ownership on innovation and use firm-fixed effects
and propensity score matching to account for selection issues related to the probability of being acquired.
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anything, the estimated effect is slightly revised upward.
[Table 5]

5.3

Synthetic Control Method

All the robustness checks carried out so far may still not be sufficient to eliminate all the
identification concerns to the extent that selection into treatment might be endogenous and
there might unobserved factors correlated to the outcome variable that we are not able
to control for. Indeed, within our local market definition (i.e., the interaction between
provinces and sectors of economic activity), organized crime might strategically target firms
with a peculiar pattern in the economic and financial conditions. To address this concern,
and improve the fit between treated and control units with respect to the pre-treatment
dynamics we resort to the Synthetic Control Method (SCM) as developed in Abadie and
Gardeazabal (2003) and Abadie et al. (2010).
The main idea of this method is to construct an artificial control unit (i.e., a synthetic
firm) for each treated firm by selecting and weighting the untreated firms in such a way
that the resulting synthetic unit has a behavior similar to that of the treated firm before the
treatment. In contrast to the DID with a flexible set of controls and to other techniques used
to refine the control group (e.g., the propensity score matching), which compare firms that
are similar in terms of observable characteristics, the SCM compares firms that are similar
in terms of observable explanatory variables and behavior of the outcome variable in the pretreatment period, thus partly accounting for differences in unobservable characteristics as
well. The causal effect of infiltration will then be given by the difference between the observed
outcome of the treated unit and that of the synthetic one after the start of the treatment.
This, method, moreover, allows us to better understand how the difference between the
treated and control units evolves over time.18
Operationally, in our setting, the SCM entails four main steps. First, we need to impose
that the treated and the control firms can be observed for a sufficiently long time span before
the treatment in order to obtain a good match. We thus consider only firms that have been
observed for at least five years before the year of infiltration. As suggested by the evidence
in Figure 1, this generates a large drop in the number of treated units.
18

Formal details can be found in Abadie et al. (2010).
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Second, we identify a suitable group of donors for each firm. This will be made of firms
located in the same province and operating in the same sector as the infiltrated ones. This
is done to consider, amongst the potential donors, only firms that were plausibly exposed to
the same economic shocks and to avoid computational problems of the algorithm.
Third, we implement the SCM for each treated firm. We include among predictors the
capital stock and the wage bill, as proxies of the production inputs, and the firm’s total
factor productivity. Moreover we include two lagged values of the outcome variable (in years
t − 5 and t − 1 with respect to the infiltration). The synthetic control algorithm will then
minimize the root mean square prediction error (RMSPE) over the whole available time
window.
Finally, we aggregate the evidence obtained for each treated firm and for each synthetic
control. The synthetic control approach has been typically implemented in cases where there
is only one (or very few) treated unit. In our case, instead, we replicated the analysis for a
large number of infiltrated firms and consequently estimated a large number of corresponding
synthetic controls. The outcomes of the treated and the synthetic firms are thus aggregated,
assigning larger weights to better matches i.e., to matches with a lower RMSPE in the
pre-treatment period.19
We are able to find a synthetic control for about 800 treated firms.20 Descriptive statistics
and balancing properties are reported in Table 6. They show that the synthetic control
donors closely mimic the infiltrated firms for all the main observable variables.
[Table 6]
In Figure 10, we show our main results. Namely, we plot the revenues of the infiltrated
firms and of their corresponding synthetic controls together with the difference between the
two (on the right axis). The difference is essentially null for all the years preceding the
infiltration, thus reassuring us about the quality of the match. On the other hand, in the
19

The rationale behind this weighting strategy is that the difference between actual firm performance and
synthetic firm performance should contain more information about the treatment effect when we are better
able to predict the firm performance during the estimation window (Acemoglu et al., 2016). In unreported
estimates we use alternative methods of aggregation and results are qualitatively similar.
20
The loss of observations is due to two main factors. First, we restrict the analysis to firms observed for
at least 5 years before the infiltration (for nearly 9 years on average). Second, the algorithm might fail to
find a proper synthetic unit when either the pool of donors is too large or when the donors are too different
from the treated unit.
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three years following the infiltration, the gap between the two types of firms widens up. This
is the result of a marked increase in the revenues of the treated firms vis-à-vis a fairly stable
patterns of the synthetic control units. The magnitude of the estimated effect is in line with
our DID estimates.21
[Figure 10]

5.4

Mechanisms

In order to understand the mechanisms underlying the improvement in the performance of
infiltrated firms, in this section we examine other firm’s outcomes and heterogeneity across
sectors.
In Table 7 we examine whether the increase in revenues was accompanied by a similar
increase in the production inputs i.e., the (log of) tangible and intangible assets (as a proxy
for the capital stock) and the wage bill (as a proxy for labor inputs). We find that the capital
stock is substantially unaffected by infiltrations while labor inputs do increase significantly.
Therefore infiltrated firms become more labor intensive. The reduction in the capital stock
relative to the revenues might suggest a potential short-termism in the infiltration strategy
by the ’ndrangheta. Higher employment at the firm level, in contrast, might as well reflect
some non-economic drivers of infiltration such as the search for social consensus and the
control of the territory (Sergi and Lavorgna, 2016). The firm’s profits significantly increase
too. Finally, we consider firms’ exit from the market as a potential outcome.22 We find
that infiltrated firms display a higher likelihood of exiting the market (around 2 percentage
points). The latter result, apparently at odds with the increase in the revenues, might hint
at the existence of strategic default behaviors on the part of infiltrated firms (e.g., predatory
competition) as well as signal the effectiveness of the judicial action. Therefore we refrain
from drawing implications from this evidence.
21

In Appendix A we further report some robustness checks that we run for this exercise. Namely we
expanded the set of predictors for the Synthetic Control, adding the firm’s profitability, its leverage and its
credit score and we restricted the sample of donor firms to those that experienced a change in governance
in the same year (Figure A.3). The results are in line with the main specification: the addition of further
controls does not alter the main result while the comparison with control firms experiencing a change in the
governance in the same year lead to a slightly weaker effect of the ’ndrangheta infiltration.
22
As, by construction, an infiltrated firm cannot exit from the market before infiltration, we run the
regression on the subsample of firms identified through the PSM i.e., the sample that resulted from imposing
the existence of the treated firm in t − 1 and comparing it with a similar control firm (Table 4).
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[Table 7]
The fact that the increase in revenues is disproportionately larger with respect to that
of the production inputs may be interpreted either as a higher capacity of the clans to
produce output out of the given production factors or as an artificial inflation of the revenues
to mask money laundering activities through over-invoicing. These two hypothesis reflect
the two main types of motivation behind infiltration (UNICRI, 2016). More specifically,
in the first case an infiltrated firm operating in a licit market might have a competitive
advantage on those operating lawfully for different reasons. For example, an infiltrated
firm might have access to massive financial resources that are available at no or very low
interest rates. Moreover, they might exploit their coercive power to gain access to certain
markets or to fix more favorable trade conditions. Finally, and more subtly, they may exploit
their relations with corrupt politicians or bureaucrats. In the second case, the criminal
organization aims at infiltrating the legal economy to launder the profits that have been made
through criminal activities or to conceal those activities themselves (e.g., drug trafficking).
With some oversimplifying assumptions, we map the sectors of economic activity into two
broad groups according to what is the (supposed) main motivation of infiltration.
We thus define a “business oriented” group of activities that comprises sectors that are
more dependent on public spending and/or more involved in interactions with the public
administration. They include education and training, health, public utilities (e.g., energy
and waste disposal) and activities related to the construction business (mining and quarrying,
constructions itself and real estate activities). About 40% of infiltrated firms is included in
this group. On the other hand, we label “illicit” the residual sectors, including activities that
are more exposed to money laundering (e.g., restaurants, hotel and trade activities) and/or
those for which the infiltration into legal companies primarily serves to mask other illegal
activities (e.g., to transport, store and hide illegal goods).23
In Table 8 we replicate the analysis of the effect of infiltration on revenues and on the
main production inputs by sector. The results we obtain suggest that the pursuit of legal
profits and the conceal of illicit activities (including money laundering) are both important
23

It is worth noting that this partition of the economic activities is subject to some arbitrary choices and
the boundaries between each group of activities are not always clear. For example, according to UNICRI
(2016), one of the most profitable business oriented activities of criminal organizations in the legal economy
is counterfeiting, which we are not able to trace to our data in a clear way.
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drivers of the infiltrations of criminal organizations into legitimate businesses. Indeed, the
impact of infiltration on revenues is positive and sizable in both sectors. In the sectors
that are more related to “illicit’ activities, however, the divergence in the patterns between
revenues and production inputs is larger, suggesting that in these sectors the increase in the
stated level of revenues is at least partly a mere artifact.24
[Table 8]

6

Evidence of long-run effects on the local economy

So far we have showed that the infiltration of the ’ndrangheta in a firm generates a large
positive effect on the performance of the treated firm, although in some cases such increase
may be artificial and not related to a real improvement in the output of the firm. However,
our analysis so far has been silent about the effect that such infiltrations may generate more
broadly on the local economy.
To shed light on this aspect we adopt a long run perspective with the idea that such
aggregate effects on economic growth would require time to display. We thus exploit the fact
that at the beginning of the 1970s the ’ndrangheta was essentially absent in the Center and
North of Italy while it progressively infiltrated these areas in the following decades. Therefore
the current extent of the ’ndrangheta in the Center and North of Italy can be interpreted
as the result of the progressive penetration that occurred over the past 40 years. Using
our indicator, moreover, we are able to characterize in a very precise way the geographical
variation in the presence of the ’ndrangheta so as to build a proxy of ’ndrangheta penetration
at a very local (i.e., municipal) level and relate it to measures of economic growth at the
same level that we draw from census data.
One important threat to identification in this context is due to the possible endogenous
sorting of the ’ndrangheta in certain areas. To address this issue we rely on an instrumental
variable approach that draws on the historical data about the forced relocation of mafia
affiliates in the Center and North from the 1970s on.
The law on forced relocation (“confino”), first passed in 1956 and then modified in 1965
to become the first real anti-mafia law, provided that, under some circumstances, the mafiosi
24

In Appendix A we also show the results of this exercise done through Synthetic Control Method (Figure
A.4.
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were forced to resettle in towns located in Central and Northern regions where they would
serve their convictions away from their homeland and their criminal networks so as to be reeducated and integrated in a context of law-abiding people. The decision regarding the place
and duration of the forced resettlement was taken by the judge who headed the tribunal in
the province where the suspected criminals were residing. However, the law was vague and
did not specify which should be the characteristics of the hosting town where the mafiosi
should be relocated.25 The law on forced relocation was eventually abrogated in 1995.
We hand-collected data on the ’ndrangheta members that were forced to resettle and on
their destinations. The difference with respect to the data used by Buonanno and Pazzona
(2014) and Scognamiglio (2018) is that we use data at the municipal level rather than at the
province level (thus having a finer definition of exposure to infiltration in the legal economy)
and that we restrict the analysis to the ’ndrangheta (consistently with our setting) whereas
they do not distinguish between the different types of mafias. Namely, we have information
on 220 individuals ’ndrangheta affiliates and on the municipalities where they were forced to
resettle. This information is obtained from an internal document of the Ministry of Interior
dated 1974 containing the list of the mafiosi forced to resettle up to that year, and by
subsequent judicial documentation, journalist inquiries and experts’ reports (e.g., Gratteri
and Nicaso, 2009).
Our identification assumption is that the judge’s choice of where to relocate the member
of the ’ndrangheta is unrelated to the current and expected economic growth of the chosen
town. We argue that this assumption is plausible since, on the one hand, the destination town
was chosen using criteria unrelated to expected economic growth and, on the other hand,
it is unlikely that the judge located in Calabria was able to predict the growth of (often
small) cities hundreds of kilometers away. Concerning the relevance of the instrument, many
scholars (Varese, 2011; Buonanno and Pazzona, 2014; Scognamiglio, 2018) have argued that
this policy represented a crucial boost to mafia transplantation outside its regions of origin.
From an empirical point of view, we use census data at the municipality level over a
40 years time window and we run a first-difference estimation where the outcome variable
∆Em is the employment growth between 1971 and 2011 in municipality m. The endogenous
25

In 1982 the law was amended, setting some restrictions on the characteristics of the destination town
(e.g., forced relocation had to be ordered in towns with no more than 5,000 inhabitants and sufficiently far
away from metropolitan areas, so as to ensure an effective control)
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variable of interest is the share of infiltrated firms in 2011 at the municipality level as inferred
from our indicator. We argue that the latter is to be considered a variation as well, because
the presence of the ’ndrangheta in the Center-North dates back to the 1980s (Section 2).
Thus, let Nm,2011 be the total number of firms in municipality m in year 2011 and N DRit
our firm-level indicator of infiltration, we can write:
P
∆N DRm =

N DRi,2011
Nm,2011

i∈m

(2)

In a second specification, we further augment our local indicator of ’ndrangheta penetration so as to also take into account potential spatial spillovers i.e., the possibility that the
level of economic growth in municipality m might be affected also by the presence of the
’ndrangheta in the neighbor municipalities. Our augmented indicator of ’ndrangheta presence at the local level ∆N\
DRm will thus be a weighted average of the share of infiltrated
firms in any municipality n, with more weight being given to municipalities that are larger
(as proxied by the total number of firms in n, Nn ) and closer to municipality m. As in (2),
the level of 2011 is interpreted as a variation relative to 1971.
P
∆N\
DRm =

Nn,2011
N DRn × 1+distance
m,n
P
Nn,2011

n∈N

(3)

n∈N 1+distancem,n

Our instrumental variable, finally, will be the minimum (log) distance between municipality m and a municipality where at least one ’ndrangheta affiliate was forced to resettle
(distancem ). Figure 11 shows the distribution of such variable over the area.
[Figure 11]
The resulting system of simultaneous equations that we estimate through a two stage
least squares regression model reads as follows:

∆Em = α + β ∆N DRm + m

(4)

∆N DRm = a + b log(distancem ) + um
The results are reported in Table 9, Panel A contains those that employ ∆N DRm as
proxy of local infiltration and Panel B contains those based on the augmented indicator
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∆N\
DRm to account for geographical spillovers.
[Table 9]
First, note that all the results reported in Panel A and Panel B are qualitatively very
similar, thus suggesting that the two measures both capture well the presence of mafia in
the area. The OLS results reported in the first column show a negative and significant
correlation between the local penetration of infiltrated firms and employment growth at the
municipal level. In column (2) we estimate the reduced form of the system of equations (4)
and find that in municipalities that were located farther away from a forced resettlement
locations employment grew more over the period 1971-2011. In column (3) we show that our
instrument has sufficient explanatory power and well predicts the location of the infiltrated
firms, thus confirming the previous evidence on the relationship between forced resettlements
and mafia infiltration.26 In the second stage estimation, finally, we find a strong negative
effect of the ’ndrangheta on long-term employment growth (column 4). The magnitude of
the estimated coefficients is sizable: in our preferred specification, which takes into account
the possible spillovers from the neighboring municipalities, moving from a municipality at
the bottom decile of the extent of ’ndrangheta penetration to one at the top decile leads to
a decrease in employment of about 28%.
Crucially, the different motivations driving infiltrations might also affect the local economy differently: according to our results by sectors (columns 5 and 6), the negative effects
are much larger in activities where it is more likely that the ’ndrangheta enters to make
business.

7

Concluding remarks

Criminal organizations hold a growing share of economic activity in many countries in the
world and are progressively expanding their business outside their areas of origin, penetrating
legitimate markets in areas with no tradition of mafia settlements.
This paper analyzed the impact of organized crime expansion looking at the case of
’ndrangheta infiltrations into firms located in the Center and North of Italy.
26

See also Figure A.5 in the Appendix for graphical evidence of the correlation.
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In this setting, we first constructed a proxy for ’ndrangheta infiltrations and provided
evidence on which firms are more likely to be infiltrated and at what stage. Our results
showed that the ’ndrangheta tends to enter firms in economic and financial distress and
prefers sectors that operate in closer relation with the public sector and that are more prone
to money laundering activities.
We then analyzed the effects of the entry of organized crime on the firm’s own performance. Results showed that infiltrations improved firms performance relative to the
pre-treatment period by significantly increasing their revenues. We show that this finding
captures two different underlying mechanisms: in some cases it just reflects over-invoicing
for money laundering purposes, while in other cases it is a real gain of a dominant market
position likely obtained exploiting the coercive power of the criminal organization or the
availability of low cost capital.
To estimate the effects of the ’ndrangheta penetration on the local economy, we finally
adopt a long-run perspective and use a first-difference strategy at the municipality level over
a 40-years-long period to estimate the impact on the growth of employment. To address
the potential endogenous sorting of the ’ndrangheta, we exploit an instrumental variable
approach that draws on the historical data about the forced settlements of the ’ndrangheta
affiliates in the Center and North from the 1970s on. Our results show a large and significant
negative effect of ’ndrangheta penetration on the long-run local economic growth which is
in line with the (scant) existing evidence. The negative impact is larger in sectors where
it is more likely that the ’ndrangheta enters to invest and make profits, thus displacing the
competitors, rather than to launder money.
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Figure 1: Year and firm’s age at infiltration
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Notes: Distribution of firms classified as infiltrated from 2007 onwards, by year of infiltration (left panel) and by firm’s age at
infiltration (right panel).
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Figure 2: Number of alleged mafiosi and type of infiltration
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Notes: Distribution of firms classified as infiltrated from 2007 onwards by the number of alleged mafiosi among its owners or
directors (left panel) and incidence of infiltrated firms (over total firms) by type of infiltration (right panel).

31

Figure 3: Geographical distribution of treated firms
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Notes: Number of firms classified as infiltrated over total number of firms per province, average 2006-2015, percentage values.

Figure 4: Presence of organized crime groups

Notes: Transcrime Index based on: (1) murders and attempted murders of organized crime, (2) people reported for organized
crime, (3) municipalities and public administrations dissolved for organized crime infiltration, (4) goods confiscated from
organized crime, (5) active groups of organized crime reported in the DIA and DNA reports. Darker colors indicate higher
presence of the mafia organization. Source: Transcrime (2015)
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Figure 5: Sectoral distribution of treated firms
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Notes: Sectoral distribution (i.e. the share of infiltrated firms by sector) and sectoral specialization of infiltrated firms (i.e.
the ratio between the share of the sector among infiltrated firms and the share of the sector among all firms). Sectors include:
A = Agriculture, forestry and fishing; B = Mining and quarrying; C = Manufacturing; D = Electricity, gas, etc.; E = water,
waste, etc.; F = Construction; G = Wholesale and retail trade; H = Transportation and storage; I = Accommodation and food
service activities; J = Information and communication; K = Finance and insurance; L = Real estate; M = Professional business
services; N = Administrative and support activities; P = Education; Q = Health; R = Arts, entertainment and recreation;
other = residual sectors.
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Figure 6: Sectoral distribution of treated firms and sector characteristics

0

10
20
extent of shadow economy

0

10
20
30
40
exposure to international demand

share of infiltrated firms
0 .005 .01 .015 .02 .025

20
40
60
80
exposure to public sector demand

share of infiltrated firms
0 .005 .01 .015 .02 .025

0

30

.4

.6
.8
variable costs over sales

1

Notes: Sectoral distribution (i.e. the share of infiltrated firms by sector) and sector characteristics. Exposure to public sector
demand is computed on the basis of the input-output matrix; exposure to international demand and extent of the shadow
economy are drawn from Istat; the incidence of the production (variable) costs over sales is obtained with the balance sheet
data drawn from CADS.
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Figure 7: Sectoral distribution of infiltrated and confiscated firms
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Notes: Sectoral distribution (i.e. the share of firms by sector) of firms infiltrated by the ’ndrangheta and confiscated to all
mafias. Figures for confiscated firms are drawn from Riccardi (2014). Sectors include: A = Agriculture, forestry and fishing;
B = Mining and quarrying; C = Manufacturing; D = Electricity, gas, etc.; E = water, waste, etc.; F = Construction; G =
Wholesale and retail trade; H = Transportation and storage; I = Accommodation and food service activities; J = Information
and communication; K = Finance and insurance; L = Real estate; M = Professional business services; N = Administrative and
support activities; P = Education; Q = Health; R = Arts, entertainment and recreation; other = residual sectors.
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Figure 8: Dynamics of balance sheet data before infiltration.
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Notes: t denotes the year in which the ’ndrangheta infiltration takes place. The outcome variables considered are: (log)
revenues, (log) labor productivity, profitability (percentiles of Returns On Assets), leverage, financial burden and credit riskiness
(an index constructed by CADS and used by banks for giving credit to firms). The solid line represents the raw mean of the
outcome variables in the treatment group before infiltration; the dashed line is obtained by imposing that all firms must be
observed in all the five years before infiltration to account for compositional effects.
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Figure 9: Leads and lags on the effects of infiltration.
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Notes: Each point is the point estimate of the treatment effect in different years before and after the treatment (leads and
lags); vertical bands are the corresponding 95% confidence intervals. t − 1 is the reference category. The specification includes
firm-, province-year and sector-year fixed effects.
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Figure 10: Synthetic control results

-5

-4

-3
treated

-2
-1
0
years from infiltration
synthetic

1

2

% gap (right)

Notes: Level of revenues (thousand euro) in the treated and synthetic control units (left axis). Difference in (log) revenues
between treated and synthetic control units (right axis); t denotes the year from ’ndrangheta infiltration.

Figure 11: Distance to municipalities of forced settlements.

Notes: Distribution of the euclidean distance between municipalities in the Center North and the closest municipality in which
some ’ndrangheta affiliates were forced to resettle in the 1970s under Law 575/1965.
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9

Tables

Table 1: Correlation between municipality-sector distribution of infiltrated and confiscated firms

(1)

(2)

Dependent variable:
Share of confiscated firmsms

(4)

NDRms
1.200∗∗∗
(0.144)

Municipality FE
Sector FE
R2
Observations

(3)

0.984∗∗∗
(0.125)

1.200∗∗∗
(0.144)

0.978∗∗∗
(0.125)

Yes

Yes
Yes

0.580
39,345

0.649
39,107

Yes

0.580
39,345

0.648
39,107

Notes: NDRms is the share of infiltrated
P firms in municipality m and sector s in the period 2006-2016 over the total number
N DRims
of infiltrated firms in the same period ( P N DR
). Symmetrically, Share of confiscated firms ms is the number of confiscated
i
firms in municipality m and sector s in the period 2006-2016 over the total number of confiscated firms in the same period.
Data on confiscated firms are drawn from Ministry of Interior (ANBSC). Robust standard errors in parentheses; *** p<0.01,
** p<0.05, * p<0.1.

Table 2: Descriptive statistics: control and treated units before infiltration
(1)
Control
(log) revenues
5.826
(log) capital
3.695
(log) labor cost
2.833
Leverage
2.402
Financial burden
0.059
(log) labor productivity
4.758
ROA (percentile)
50.114
Score (credit riskiness)
5.205
Firm’s age
13.378

(2)
Treated
6.366
3.828
3.244
2.389
0.062
4.936
46.637
5.250
10.788

(3)
∆1
-0.539∗∗∗
-0.133∗∗∗
-0.411∗∗∗
0.013
-0.003∗∗
-0.179∗∗∗
3.477∗∗∗
-0.045∗∗∗
2.590∗∗∗

(4)
∆2
0.434∗∗∗
0.601∗∗∗
0.390∗∗∗
0.186∗
0.006∗∗∗
0.184∗∗∗
1.941∗∗∗
-0.269∗∗∗
6.622∗∗∗

Notes: Columns (1) and (2) report mean values for non infiltrated and infiltrated firms before infiltration, respectively. ∆1
is the raw difference in means between (1) and (2); ∆2 is the difference controlling for province-year fixed effects, sector-year
fixed effects and firm size. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3: Effects of infiltration on firm’s performance. DID estimates

(1)

(2)

Dependent variable:

(3)

(4)

(log) Revenues

NDRit

0.281
(0.024)

0.278∗∗∗
(0.024)

0.235∗∗∗
(0.024)

0.236∗∗∗
(0.024)

Firm FE
Year FE
Province-Year FE
Sector-Year FE

Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes
Yes

0.848
6,115,896

0.848
6,115,896

R2
Observations

∗∗∗

0.847
6,115,896

0.847
6,115,896

Notes: Robust standard errors clustered at firm level in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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Table 4: Robustness checks: variable definition
(1)

(2)

Dependent variable:
NDRit (surname only)

(3)

(4)

(log) Revenues
0.299∗∗∗
(0.011)
0.214∗∗∗
(0.029)

NDRit (surname + province)

0.293∗∗∗
(0.039)
0.202∗∗∗
(0.031)

NDRit (rare surname)
NDRit (frequent surname)

0.186∗∗∗
(0.026)
0.482∗∗∗
(0.059)

NDRit (low intensity)
NDRit (high intensity)

0.186∗∗∗
(0.047)
0.295∗∗∗
(0.023)

NDRit (director)
NDRit (owner)

Firm FE
Province-Year FE
Sector-Year FE
R2
Observations

(5)

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

0.848
6,115,896

0.848
6,115,896

0.848
6,115,896

0.848
6,115,896

0.848
6,115,896

Notes: The table shows the results using different definition of the ’ndrangheta infiltration. Robust standard errors clustered
at firm level in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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Table 5: Robustness checks: other changes in the governance
(1)

(2)

Dependent variable:
Other CALit

(3)

0.047∗∗∗
(0.011)
0.031
(0.043)
−0.020
(0.044)

SARit (placebo)
NDRit
N owners & directors

R2
Observations

(5)

(log) Revenues

BASit (placebo)

Firm FE
Province-Year FE
Sector-Year FE
Sample restriction

(4)

0.231∗∗∗
(0.025)
0.000∗
(0.000)

0.232∗∗∗
(0.026)

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes
PSM

0.848
6,115,896

0.848
6,115,896

0.848
6,115,896

0.848
6,115,896

0.895
39,453

Notes: The table shows the results using other measure of change in the governance of the firm, with the entry of, respectively,
people born in Calabria but with a surname that is not included in the APC list, two placebo exercises with individuals born
in Basilicata and Calabria, a control for the number of owners and directors (to capture variation over time of board of the
firms and/or of its shareholders) and, finally, a regression on a restricted sample selected with the propensity score matching
(PSM). Robust standard errors clustered at firm level in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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Table 6: Descriptive statistics: treated and synthetic control units before infiltration (t − 1).

(log) revenues
(log) capital stock
(log) labor cost
Leverage
Financial burden
(log) labor productivity
ROA (percentile)
Score (credit riskiness)
Firm’s age

(1)
Treated

(2)
Synthetic

(3)
∆

7.519
5.643
5.267
1.806
0.055
5.156
54.421
4.831
19.142

7.391
5.549
5.045
1.503
0.048
5.050
55.274
4.840
19.631

0.128
0.094
0.222
0.303
0.007
0.106
-0.853
-0.009
-0.489

802

18,901

N

Notes: Columns (1) and (2) report mean values for infiltrated firms and for their corresponding synthetic control units; ∆ is
the difference in means between the two columns. *** p<0.01, ** p<0.05, * p<0.1.

Table 7: Effects of infiltration on other firm outcomes. DID estimates
(1)
Dependent variable:

Labor
∗∗∗

(2)

(3)

(4)

Capital

Leverage

ROA

NDRit

0.207
(0.028)

0.026
(0.028)

Firm FE
Province-Year FE
Sector-Year FE
Sample restriction

Yes
Yes
Yes

Yes
Yes
Yes

0.898
6,031,038

0.894
6,115,896

R2
Observations

(5)
Exit

1.924
(0.472)

0.024∗∗∗
(0.003)

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes
PSM

0.576
6,115,896

0.518
5,967,918

0.256
39,453

−0.014
(0.133)

∗∗∗

Notes: The table shows the results using different firm outcomes. The results on exit are based on the subsample of firms
built using propensity score matching (to address the fact that infiltrated firms cannot exit the market before being infiltrated).
Robust standard errors clustered at firm level in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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Table 8: Effects of infiltration on firm’s performance by sector. DID estimates

Dependent variable (log):

(1)

(2)

(3)

(4)

(5)

(6)

Revenues

Labor

Capital

Revenues

Labor

Capital

Sector

Business

Illicit

NDRit

0.195∗∗∗
(0.044)

0.277∗∗∗
(0.051)

0.044
(0.051)

0.263∗∗∗
(0.029)

0.169∗∗∗
(0.035)

0.011
(0.034)

Firm FE
Province-Year FE
Sector-Year FE

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

0.774
1,991,262

0.899
1,961,559

0.902
1,991,262

0.870
4,074,607

0.880
4,020,235

0.889
4,074,607

R2
Observations

Notes: The table shows the results using different firm outcomes. See discussion in Section 5.4 for the sectoral partition.
Robust standard errors clustered at firm level in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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Table 9: Long-run effects of ’ndrangheta penetration. OLS and IV estimates.

Dependent variable:

(1)

(2)

(3)

(4)

(5)

(6)

∆Em

∆Em

∆N DRm

∆Em

∆Em

∆Em

Business

Illicit

Sector

All

Panel A
∆N DRm

−0.029∗∗
(0.011)

log(distancem )
First stage F-stat
R2
Observations

0.007
4,916

0.068∗∗
(0.029)

−0.155∗∗∗
(0.026)

0.033
4,916

0.019
4,916

−0.440∗∗
(0.193)

−0.828∗∗
(0.388)

−0.483∗∗∗
(0.187)

34.37
-1.480
4,916

34.16
-0.593
4,809

34.37
-1.540
4,916

−0.915∗∗
(0.424)

−1.717∗∗
(0.847)

−1.006∗∗
(0.418)

15.95
0.074
4,916

15.92
-0.061
4,809

15.95
0.077
4,916

Panel B
∆N\
DRm

−0.606∗∗∗
(0.076)

log(distancem )
First stage F-stat
R2
Observations

0.099
4,916

0.068∗∗
(0.029)

−0.075∗∗∗
(0.019)

0.033
4,916

0.143
4,916

Notes: ∆Em is the variation between 1971 and 2011 in employment in municipality m. ∆N DRm is the variation between
\
1971 and 2011 in the share of infiltrated firms in municipality m. ∆N
DRm is the variation between 1971 and 2011 in the
share of infiltrated firms in municipality m and its surroundings, weighted by the ratio between the size of the municipality as measured by the number of firms - and the distance from m. log(distancem ) is the (log) distance between municipality m
and the closest municipality of forced resettlement of ’ndrangheta affiliates. In column (1) we report the OLS estimates; in
column (2) the reduced form estimates; in column (3) the first stage estimates (note that the outcome variable for Panel B will
\
be ∆N
DRm ); in columns (4) (5) and (6) the second stage IV estimates, overall and by sectoral partition. See discussion in
Section 5.4 for the sectoral partition. Robust standard errors clustered at firm level in parenthesis. *** p<0.01, ** p<0.05, *
p<0.1.
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A

Additional Figures and Tables
Figure A.1: Clans of the Sicilian Cosa Nostra and of ’ndrangheta in their area of origin

Source: Anti-Mafia Investigation Directorate
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Figure A.2: Leads and lags of the DID effect of infiltration.
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Notes: Each point is the point estimate of the treatment effect in different years before and after the treatment (leads and
lags); vertical bands are the corresponding 95% confidence intervals. t − 1 is the reference category. Each specification includes
a dummy for the treatment group and a set of fixed effects as indicated at the top of each figure.
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Figure A.3: Synthetic Control robustness: different specifications
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Notes: Extended model includes ROA, leverage and credit score amongst predictors. Restricted sample considers only firms
that had a change in governance in t amongst donors.

Figure A.4: Synthetic Control results by sector
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Figure A.5: Correlation between extent of ’ndrangheta infiltration and forced resettlement
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Notes: Scatter plot and linear fit at the municipality level of the relation between the extent of ’ndrangheta infiltration in a
given municipality and its distance from the nearest town where some alleged ’ndrangheta affiliate was forced to resettle. The
size of the dots represents the 1971 population size of the municipality.
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B

Misclassification error

˜ i = 0, 1 be the real ’ndrangheta affiliation status and call a the probability of
Let N DR
classifying an infiltrated firm as a non-infiltrated one and b the probability of classifying a
non-infiltrated as infiltrated:
˜ i = 1)
a =P r(N DRi = 0|N DR
˜ i = 0)
b =P r(N DRi = 1|N DR

(B.1)

then the coefficient we estimate through OLS is:
β̂OLS = (1 − a − b)β

(B.2)

This implies that OLS estimates will converge in probability to a value between −β and
β. Moreover, as long as both errors are below 0.5, i.e. it is truly more likely that a person
working in a firm of central and northern Italy is associated to ’ndrangheta if she is born
in Calabria and carries a family name of one of the clans operating in the area than if she
is either born somewhere else or has a different family name (a < 0.5); it is truly more
likely that someone who is not born in Calabria and whose family name is not one of those
identified by the Antimafia department is not affiliated to ’ndrangheta than it is someone
with the specified characteristics (b < 0.5).
˜ i | Surnamei ∈ APC and Ri = Calabria) >
P r(N DR
˜ i | Surnamei ∈
P r(N DR
/ APC or Ri 6= Calabria)

(B.3)

˜ i = 0 | Surnamei ∈
P r(N DR
/ APC or Ri 6= Calabria) >
˜ i = 0 | Surnamei ∈ APC and Ri = Calabria)
P r(N DR

(B.4)

where Ri is the region of birth of individual i, Surnamei her last name and APC is the
list of the Anti-mafia Parliamentary Commission containing the ’ndrangheta clans in the
Center and North (APC).
Under monotonicity conditions (B.3) and (B.4) the estimated effect of ’ndrangheta will
have the correct sign and a magnitude that is lower than the true parameter of interest.
54

Thus, under such circumstances, the effect we will estimate will need to be interpreted as
lower bound of the real one.27

27

For a similar discussion see also Gagliarducci and Manacorda (2019).
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