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In this paper we study the relationship between organized crime, corruption and eco-
nomic growth. To shed light on this nexus, we propose a growth model in which orga-
nized crime can embezzle public spending by corrupting and threatening public officers.
Then we bring the empirical implications of the model to data from Italian regions, as
stylized facts show that less developed regions are characterized by the highest levels of
corruption and of presence of criminal organizations of Mafia-type. Our main findings
are: i) the per capita GDP dynamics of Italian regions in the period considered is char-
acterized by multiple regimes identified by the initial level of organized crime, a finding
consistent with a multiple steady state growth dynamics (e.g. Durlauf and Johnson,
1995); ii) in the regions with the higher levels of organized crime the estimated share of
embezzled public expenditure is higher and, moreover, public expenditure has a nega-
tive effect on per capita GDP. Differently, in the regions with lower levels of organized
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‡Università di Roma, Tor Vergata

1



1 Introduction

The pervasive presence of criminal organizations and widespread corruption have been identified

as major explanatory factors of economic backwardness. For example, Pinotti (2015b) found

that, in the case of the Italian Southern regions of Apulia and Basilicata, the presence of

organized crime implied a cumulated loss of approximately 16% of per capita GDP in recent

years, while Pinotti (2015a) provides cross-country evidence of the negative effect of organized

crime on economic development. The negative effect of corruption on economic growth has been

documented by a vast literature, at cross-country (Mauro, 1995), cross-regional (Del Monte and

Papagni, 2001), or firm (Olken and Pande, 2012) level.

Italy appears an ideal setting to study the nexus between economic development, organized

crime and corruption as stylized facts from Italian regions show that the less developed regions

are characterized by the highest levels of corruption and pervasiveness of criminal organizations.

These stylized facts were considered in the literature but, so far, only separately (see e.g.

Del Monte and Papagni, 2003, and Lisciandra and Millemaci, 2017, on corruption and economic

growth, or the mentioned work of Pinotti, 2015b, on organized crime and economic growth).

In this paper we jointly take into account the effects of organized crime and corruption

on economic growth in Italian regions. Specifically, we focus on the link between organized

crime and corruption that exists in the allocation of public funds by local Governments to

productive activities. As emphasized by Schelling (1984), in fact, organized crime typically

specializes in embezzling public funds, diverting them from productive uses. By this channel,

therefore, economic growth can be hampered. In particular, criminal organizations can utilize

violence and intimidation to influence the allocation of public funds, along with the typical

instrument of corruption: bribes. As pointed out by Barone and Narciso (2015) this is one

among different ways by which criminal organizations grab public funds, the others being the

creation of fictitious firms to apply for public subsidies, or the collusion with banks making

payments on behalf of local Governments.

In this article we propose a simple theoretical model in which a Mafia can corrupt public

officers by bribing and threatening them, in order to embezzle a share of public funds. We show

that the model implies a nonlinear growth dynamics featuring a stable low-income steady-state

a high-income steady state. We bring the empirical implications of the model to data from

Italian regions for the period 1996-2013, and propose an estimation method that simultaneously

takes into account the possibility of multiple steady states and another crucial empirical issues:

the measurement error bias implied by the difference between public expenditure at its book

value and its actual, but unobservable, value which depends on embezzlement by the Mafia.
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In addition, this method allows to estimate the share of embezzled public expenditure by the

Mafia.

Our main results are: i) the per capita GDP dynamics of Italian regions in the period con-

sidered is characterized by multiple regimes identified by the initial level of organized crime,

a finding consistent with a multiple steady state growth dynamics (e.g. Durlauf and Johnson,

1995); ii) in the regions with the higher levels of organized crime the estimated share of embez-

zled public expenditure is higher and, moreover, public expenditure has a negative effect on per

capita GDP. Differently, in the regions with lower levels of organized crime the estimated share

of embezzled public expenditure is lower and the effect of public expenditure on per capita

income is positive.

The paper is organized as follows. In Section 2 we discuss the literature related to our

contribution; in Section 3 we introduce the stylized facts that motivate this article; in Section 4

we present the theoretical analysis; in Section 5 we describe the dataset; in Section 6 we present

the econometric analysis of the empirical predictions of the theoretical model; in Section 7 we

provide some concluding remarks.

2 Related Literature

Our study is related to the literature on corruption, public spending and economic growth.

Mauro (1998), Tanzi and Davoodi (1997), among others, show that corruption hampers growth

by reducing private investments and worsening the composition of public expenditure (see also

Aidt, 2003, and Dimant and Tosato, 2018 for exhaustive surveys). In particular, in this liter-

ature corruption leads to a diversion of public funds towards the activities in which bribes are

easier to collect, implying a bias in the composition of public spending towards low-productivity

projects (e.g. large-scale infrastructure investments), at the expenses of growth-promoting sec-

tors (e.g. education and health).

The present paper, however, differs from the existing literature on corruption by analyzing

the case in which the allocation of public spending is affected by a criminal organization of

Mafia-type. In particular, in our model political actors may distort the allocation of public funds

on the basis of bribes warranted by the Mafia, under the threat of punishment for non-complying

officers. In this respect our theoretical approach is similar to Dal Bo’ et al. (2006) where pressure

groups try to affect public policies using both bribes and the threat of punishment. Dal Bo’

et al. (2006), however, do not focus on economic growth but on on the quality of elected public

officers. The recent work of Querubin and Puleyo (2023) adopts a similar approach and study

the case in which an increase in politicians’ salaries makes them less vulnerable to bribes,

3



but increases the use of violence by criminal organizations. Our work shares with Querubin

and Puleyo (2023) the joint consideration of bribes and punishment as tools in the hands of

organized crime, but we do not consider the possibility of conflict between politicians and the

Mafia, as we will assume that politicians and the Mafia bargain on the amount of the bribe to

find its equilibrium value.1

Other recent work addressed the distortive effects of criminal organizations on the allocation

of public funds. In particular, Barone and Narciso (2015) show that Mafias are able to embezzle

public funds addressed to firms operating in disadvantaged areas by creating fictitious firms

that successfully bid for subsidies, while Daniele and Dipoppa (2022) analyze this channel with

respect to the appropriation of EU subsidies. Our paper is close in spirit to Di Cataldo and

Mastrorocco (2021) that show how Mafias, by colluding with local public officials, can distort

the composition of public expenditure towards sectors in which criminal groups are infiltrated,

such as Construction and Waste Management. Di Cataldo and Mastrorocco (2021), however,

do not consider the possibility that Mafias can reduce the overall size of public funds allocated

to productive activities, as we do in this paper. Still, the mentioned works do not address the

impact of the Mafia-corruption link on economic growth, neither theoretically nor empirically.

The idea to model corruption as subtraction of public funds from productive uses has also

been advanced in the seminal contribution by Golden and Picci (2005). Specifically, Golden

and Picci (2005) focus on physical public infrastructure and propose a method to compute the

size of embezzled funds as the difference between the amount of funds cumulatively allocated

by the Government to the infrastructures, and the value of the infrastructures that is actually

in place. Although similar in spirit, the method we propose for such an estimation is different,

and is based on the assumption that the actual amount of public expenditure is not observable,

but can be estimated in an econometric framework that assumes that the book value of public

funds represents the actual expenditure (i.e. the share of public funds that is actually allocated

to productive uses) with a measurement error. Let us remark that our method, as well as the

one of Golden and Picci (2005), however, do not distinguish between active and passive waste

as in Bandiera et al. (2009).

The nexus between organized crime, corruption and economic growth is considered in the

recent articles of Blackburn et al. (2017) and Neanidis et al. (2017). The focus of the proposed

theoretical models and the implementation of the empirical analyses, however, are very different

1Representing the interaction between organized crime and public officers in this way is a simplification.

Such interaction is indeed more complex and typically implies an active organizational role by the criminal

organization in setting up the corruption mechanisms in public tenders. See Fazekas et al. (2022), for details

and the discussion in Section 4.5.
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from those proposed in this paper. In particular, in Blackburn et al. (2017) criminals can extort

legal firms, thereby affecting economic growth, and corrupt public officers in order to reduce

their law-enforcement efforts.2 Neanidis et al. (2017) explore the theoretical implications of this

model in a linear framework, while we perform our empirical analysis in a nonlinear framework

suggested by the theoretical model, and consider aspects such as the measurement error bias

not considered by Neanidis et al. (2017). Organized crime and corruption are also jointly

studied in the theoretical model of Schwuchow (2023). In this model inequality can foster the

development of organized crime, which may collude or compete with public agencies to extract

rents from the population. This view can be seen complementary to ours as we also consider a

form of collusion between a Mafia and public officers, but differs from our perspective by the

focus on inequality, that we do not include in our analysis, and by the lack of consideration for

the implications for economic growth.

Finally, other works that study the relationship between organized crime and economic

development include Pinotti (2015b) and Balletta and Lavezzi (2023). Pinotti (2015b), by

adopting a syntethic control approach, estimates the negative effect of organized crime on

the Italian regions of Apulia and Basilicata in a cumulated loss of approximately 16% of per

capita GDP. Interestingly, Pinotti (2015b) argues that one possible explanation of such eco-

nomic slowdown may reside in a reallocation of economic activity from the private sector (as

private investment is deterred by the presence of the Mafia), to the public sector, as criminal

organizations are able to affect the public process of allocation of public resources. Although

this aspect is not explicitly examined by Pinotti (2015b), it is nonetheless consistent with our

framework, in which criminal organizations subtract a fraction of existing public funds. Balletta

and Lavezzi (2023), differently, focus on extortion imposed by the Sicilian Mafia on legitimate

firms. They find that extortion is highly regressive imposing a quasi-fixed cost on firms. This

quasi-fixed cost generates a poverty trap, since the presence of organized crime also implies

credit rationing (Bonaccorsi di Patti, 2009). This result is consistent with the existence of a

low-income steady state that we argue is implied by the organized-corruption link, although

the channel is different.

In the next section we present the empirical stylized facts motivating this article.

2See also Kugler et al. (2005) for a theoretical model in which different criminal organizations compete on

bribing judges to avoid punishment.
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3 Stylized Facts

In this section we present some stylized facts on the relationship between per capita GDP,

corruption and organized crime in the Italian regions.

Figures 1 and 2 respectively show the relationship between a proxy for the intensity of orga-

nized crime, i.e. the per capita number of reported extortion crimes, and per capita GDP, and

between the per capita corruption crimes and per capita GDP.3 The relationship is estimated

with average values for the period 1996-2013 (extortion) and 1996-2011 (corruption).

9.8 10.0 10.2 10.4 10.6

1
.6

1
.8

2
.0

2
.2

2
.4

2
.6

Per capita gdp (logs)

E
x
to

rt
io

n
 c

ri
m

e
s
 (

lo
g
s
)

ABR
BAS

CAL CAM

EMR

FVG

LAZ

LIG

LOM

MAR

MOL

PIE

PUG

SAR

SIC

TOS

TAA

UMB

VDA

VEN

Figure 1: Extortions and GDP per capita (in logs) in Italian regions: average values 1996-2013.

3The number of reported extortion crimes and corruption crimes are expressed per 100,000 inhabitants. Data

are from ISTAT, the Italian National Statistical Institute. Details on data are provided in Section 5.
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Figure 2: Corruption and GDP per capita (in logs) in Italian regions: average values 1996-2011

Figures 1 and 2 highlight a negative correlation between, respectively, corruption and orga-

nized crime on one side and per capita GDP on the other side.4 Finally, Figure 3 shows that

corruption and organized crime are positively correlated, as expected from Figures 1 and 2.5

4The estimated elasticities from the bivariate regressions in Figures 1 and 2 are respectively −0.97 (p-value

0) and −0.62 (p-value: 0.054). The relationship between other proxies for organized crime (per capita number

of mafia homicides, mafia association, confiscated estates, voluntary homicides) and per capita GDP is still

negative and significant. In our econometric analysis we will utilize an indicator that takes into account all of

these crimes. We defer the reader to Sections 5 and 6 for details on data and methods for the estimation of

Mafia intensity across regions.
5The estimated elasticity from the bivariate regression represented in Figure 3 is 0.57 (p-value 0.02). The

remark in Footnote 4 on the use of other proxies of organized crime applies here: the correlation is positive and

significant for all measures of crimes, with the exception of confiscated goods.
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Figure 3: Corruption and extortion (in logs) in Italian regions: average values 1996-2011

In the following section we develop a theoretical model to highlight a possible mechanism

generating these correlations.

4 A Growth Model with Organized Crime and Corrup-

tion

The economy is populated by workers, bureaucrats (employed by a Government), and a criminal

organization (the Mafia). For the sake of simplicity we normalize the number of bureaucrats and

members of organized crime to 1, i.e. we assume that bureaucrats and the criminal organization

behave as an individual agent.6

In period t bureaucrats manage the allocation of an amount Gt of public spending. The

Mafia aims at grabbing part of the public funds by corrupting and threatening the bureaucrats.

For simplicity we assume that diversion of public funds takes the form of a direct transfer to the

Mafia. In particular, the Mafia sets up a bargaining process with the bureaucrats to embezzle

public funds, in exchange for a bribe and under the threat of punishment. If bargaining is

6Indeed, the members of Mafia groups typically act as a monopolistic power over a territory, rather than

independently (Schelling, 1984).
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successful and a bribe is defined, corrupted bureaucrats may be detected and punished by an

external authority. In what follows we specify the details of the model.

4.1 Production

Following Barro (1990), production at time t, denoted as Yt, requires labor Lt, physical capital

Kt and public spending Ḡt:

Yt = Kα
t L

1−α
t Ḡt

1−α
, (1)

where 0 < α < 1. Therefore, we assume that production exhibits constant returns to scale in

Kt and Ḡt, given Lt (see also Barro and Sala-i Martin, 2004, p. 220). For the sake of simplicity

we suppose a constant working population Lt.

The amount Ḡt is net of the share subtracted by the Mafia. In particular, following Mauro

(2004), we assume that a fraction 0 ≤ φ < 1 of Gt might not reach the production processes

(see also Mohtadi and Roe, 2003, De la Croix and Delavallade, 2011 and d’Agostino et al.,

2016), that is:

Ḡt = Gt(1− φ), (2)

where φ < 1 implies that a fraction of public spending is free from corruption.7 For simplicity

we suppose that public spending is financed by a lump-sum tax τ imposed on agents operating

in the legal sphere, i.e. bureaucrats and workers. In particular, the Government uses the total

revenues to finance public spending and pay the bureaucrats’ salaries.

Finally, we assume that the labor market is competitive so that in equilibrium, the wage is

given by:

wt = (1− α)kαt Ḡ
1−α
t , (3)

where kt = Kt/Lt is the capital/labor ratio at time t.

4.2 Preferences

Agents live for two periods: in the first period they work and save part of their income, st, for

consumption in the second period, in which they retire. Assuming that workers and bureaucrats

have the same preferences, they choose consumption and saving in order to maximize the

following utility function:

U = u(ct) + βu(ct+1) (4)

7That is, we assume that a fraction of public spending is predetermined, for example teachers’ wages, and

cannot be embezzled.
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subject to:

ct = wt − τ − st (5)

and:

ct+1 = rt+1st, (6)

where τ is the lump-sum tax levied by the Government and rt+1 is the interest rate. Assuming

a logarithmic utility function, optimal saving is given by:

s∗t =
βyt

1 + β
. (7)

4.3 Bureaucrats

Following Blackburn et al. (2006, 2011) we assume that bureaucrats receive a wage equal to

the wage paid to workers, i.e. to wt in Eq. (3). This condition ensures that no arbitrage is

possible between the public and the private sector. Bureaucrats supervise the allocation of

public spending Gt. Following Dal Bo’ et al. (2006) we assume that the Mafia tries to force

bureaucrats to distort the allocation of public funds by using two instruments: a bribe and a

threat of punishment, assumed to be credible.8

As in Dal Bo’ et al. (2006) we assume that if bureaucrats refuse the “offer” by the Mafia,

and do not distort the allocation of public funds, i.e. if φ = 0, they receive the legal income wt

but are subjected to a punishment by the Mafia of intensity z.9 In particular, the parameter z

can depend on the strength of organized crime: the higher the strength, the higher z. Assuming

linear utility with respect to income, the payoff of a bureaucrat who is not corrupted is therefore

given by:

yBnct = ŵt − z − τ. (8)

where, from Eq. (3), ŵt = (1− α)kαt G
1−α
t .

If bureaucrats accept corruption, then with probability p corruption is not detected by the

Authorities and bureaucrats receive the wage wt and a bribe from the Mafia. The bribe is

assumed to be a fraction θ of φGt, the share of embezzled public spending (see, for example,

Mohtadi and Roe, 2003). With probability 1−p, corruption is detected and bureaucrats are left

with nothing (see Acemoglu and Verdier, 1998).10 The expected payoff of corrupted bureaucrats

8A well-known characteristic of the “Mafia trademark” is, in fact, the use of violence and intimidation (see,

e.g., Gambetta, 2009 and Dal Bo’ et al., 2006). Daniele and Dipoppa (2017) empirically study the case of violent

attacks of organized crime against politicians, in order to influence the political decisions.
9For simplicity we assume that punishment is inflicted with certainty to non-compliant bureaucrats.

10Taken together, this assumption and the one on certainty of Mafia punishment for bureaucrats refusing

corruption implies that Mafia is more efficient than the State in inflicting a punishment, which corresponds to
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is therefore given by:

yBct = p(wt + θφGt)− τ. (9)

Note that yBct is nonlinear in φ. In fact, an increase in φ has two opposite effects on yBct .

On the one hand, for a given wt a higher φ increases the expected income of bureaucrats. On

the other hand, a higher φ decreases aggregate output and therefore wt declines. It is possible

to show that when φ is below a certain threshold the first effect dominates the second, so that

yBct increases with φ.11

4.4 The Mafia

The payoff of the Mafia is given by the expected income from corruption which depends on

the bargaining process with the bureaucrats. If the bureaucrats are not corrupted, the Mafia

payoff is normalized to zero.12 On the other hand, if the bargaining process is successful the

Mafia obtains a fraction of public spending φGt with probability p, and pays a bribe to the

bureaucrats.

If corruption is detected, criminals are left with nothing and have to pay a fine −P .13 The

expected utility of organized crime when corruption takes place, therefore, is given by:

yMc
t = pφGt(1− θ)− (1− p)P, (10)

otherwise, yMnc
t = 0.

4.5 The Equilibrium

In this section we characterize the equilibrium for the economy. We model the bargaining

process between bureaucrats and the Mafia as a standard bilateral contracting problem. We

assume that contracting parties are rational individuals who aim to achieve the highest possible

payoff, and therefore choose the most efficient solution (see, e.g., Bolton and Dewatripont,

the perception that most citizens have in territories in which Mafias operate (see Lavezzi, 2014, for a discussion

of this point).
11In fact, simple calculations show that ∂yBt /∂φ > 0 if φ < 1− [(1− α)2/θGt]

1/αkt/Gt).
12In actual circumstances organized crime revenues come from various activities such as drug trafficking,

money laundering, extortion of legitimate firms, exploitation of prostitution, etc. (see, e.g., Calderoni, 2014, for

a discussion). For simplicity, we abstract from this aspect.
13This assumption aims at capturing a feature of the Italian Penal Code (art. 416bis), according to which

membership of a criminal organization of Mafia type is a crime in itself. We are assuming that Mafia membership

is detected if a corruption deal is detected.

11



2005). We consider this setting as more realistic than the one of Dal Bo’ et al. (2006), in which

organized crime makes a take-it-or-leave-it offer to politicians.14

Specifically, we model the bargaining process between bureaucrats and the Mafia consis-

tently with the existing literature on the interaction between organized crime and public func-

tionaries, civil servants, politicians, and various kinds of consultants in public tendering (see

in particular Canonico et al., 2017). That is, we refer to the dealings taking place between the

Mafia and the so-called “grey area”, i.e. a trading zone in which exchanges take place: “be-

tween different types of players [e.g. politicians] requiring reciprocal recognition and mutual

favors assuming the same profit-making objective.” (Canonico et al., 2017, p.158).

For example, from the second half of the eighties, the Sicilian Mafia entered and managed

a system of pre-determined divisions of public tenders that was previously the exclusive com-

petence of entrepreneurs and politicians (see, e.g., Vannucci, 2006; Della Porta and Vannucci,

2007, 2016).15 In those years, the so-called “Siino method” was established.16 This was a sys-

tem of planning and allocation of public tenders in which all the relevant subjects have a part:

the competing companies form a cartel in order to adjudicate the tenders in rotation, the politi-

cians and bureaucrats earn bribes in exchange of permissions and information, the Mafia gets

a share of the income generated off the back of the public purse (Vannucci, 2006; Della Porta

and Vannucci, 2007, 2016). Consider that between 1986 and 1991 bribes worth 30 billion Lira

were carved up between organized crime, politicians and public officials. In subsequent years

this system of “tender management” came into force giving rise to the so-called “metodo del

tavolino” (table method), otherwise known as the “Riina tax”,17 implying a 0.8% payment of

the value of the tender paid directly to the Mafia.18

14Balletta and Lavezzi (2023) argue that the take-it-or-leave offer from the Mafia better represents the case

in which the Mafia extorts individual firms.
15In previous arrangements, entrepreneurs autonomously put in place collusive agreements to regulate access

to resources that were allocated through public tenders, often shielded by political or bureaucratic protection. In

practice corruption and collusion mutually supported each other: if the cartel of companies asked for protection

services to corrupt politicians and bureaucrats, the latter, having as sole interlocutor the referents of the cartel,

could share with them the highest income that its presence ensured. On the other hand, the interaction between

organized crime and firms simply implied the latter had to pay the “pizzo” (i.e. protection money) to the Mafia,

but the role of the Mafia extended neither to other services nor to the regulation of award mechanisms (see

Vannucci, 2006; Della Porta and Vannucci, 2007, 2016; Fazekas et al., 2022).
16Angelo Siino was known in the eighties as the “minister of public works” of Cosa Nostra, and was in charge

of maintaining relations with the public administrations for the definition of bribes on public procurement. In

the 1990s Mr Siino became one of the main State witnesses in anti-mafia investigations.
17Salvatore (“Toto’ ”) Riina was the Mafia boss from Corleone who became the “boss of the bosses” in the

eighties by systematically eliminating potential opponents inside the organization.
18For simplicity, in this work we abstract from the role played by a cartel of firms in this bargaining process,
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Therefore, we assume that the amount of public funds diverted from productive uses can be

defined as the solution of a joint surplus maximization process. That is, the optimal amount

φ∗ is chosen to maximize the total surplus from trade, denoted as TS(kt). Specifically, from

Eqq. (3), (9) and (10) the amount of φ∗ is obtained as the solution of:

φ∗ = arg max{TS(kt)}, (11)

i.e.:

φ∗ = arg max{p(1− α)kαt [Gt(1− φ)]1−α + pφGt − (1− p)P − τ}, (12)

from which we obtain:

φ∗ = 1− kt(1− α)2/α

Gt

. (13)

Eq. (13) shows that φ∗ decreases with the capital-labour ratio and becomes equal to zero

when kt is sufficiently high, i.e when kt > kH , a threshold value given by:

kH =
Gt

(1− α)2/α
. (14)

Fig. 4 represents the negative relationship between φ∗ and kt, highlighting the threshold kH .

φ∗

ktkH k′H

1

Figure 4: The relation between the optimal level of φ and the capital/labor ratio kt. The blue

line represents the case of higher Gt.

The intuition behind this result is that, ceteris paribus, a higher capital-labor ratio makes

the optimal amount of embezzled public expenditure lower as it implies higher salaries of public

officers, which can therefore find corruption less attractive.

which certainly represents an interesting direction for further research (see Gambetta and Reuter, 1995, for

more discussion on firms’ cartels and organized crime).
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On the other hand, from Fig. 4 and Eq. (13) we also see that, given kt, an increase in public

spending Gt increases φ∗ for any level of kt, (see the blue line in Fig. 4) and shifts to the right

the level of kH . This suggests that, for given kt, an increase in public expenditure increases the

incentives of bureaucrats and the Mafia to embezzle public funds, and increases the threshold

level of development after which φ∗ = 0.19

Bureaucrats and the Mafia have an incentive to negotiate a bribe if the total surplus evalu-

ated at φ∗, denoted as TS∗(kt), is greater than the sum of the outside options evaluated at φ∗,

denoted by OP ∗(kt). That is, the condition for corruption to occur is:

TS∗(kt) > OP ∗(kt) (15)

which, by plugging in the terms from Eqq. (8), (9) and (10), becomes the following inequality:

p(1− α)kαt [Gt(1− φ∗)]1−α + pφ∗Gt − (1− p)P > (1− α)kαt G
1−α
t − z. (16)

To identify the conditions for the inequality in Eq. (16) to be satisfied, notice first of all that

TS∗(kt), i.e. the left-hand side of Eq. (16), is a linear function of kt for a given Gt. That is,

considering the value of φ∗ from Eq. (13), TS∗(kt) can be rewritten as:

TS∗(kt) = [pGt − (1− p)P ] + pα(1− α)(2−α)/αkt. (17)

On the other hand, OP ∗(kt), i.e. the right-hand side of Eq. (16), is concave in kt, for the

concavity of the production function, and can be rewritten as:

OP ∗(kt) = −z + (1− α)G1−α
t kαt . (18)

In particular, the function OP ∗(kt) has a negative intercept that depends on the level of Mafia

punishment z. Fig. 5 provides a graphical representation of the relationship between TS∗(kt)

and OP ∗(kt), considering two possible positions of the function OP ∗(kt) that depend on the

value of z.

19It has been pointed out in the literature that an economy with a large public sector can represent a fertile

ground for the spread of organized crime. See Lavezzi (2008) for details.

14



kt

TS(kt), OP (kt)

k̂ kH

OPS(kt)

TS(kt)

OPW (kt)

Figure 5: Equilibrium Corruption. Red: case of “weak Mafia”; Blue: case of “strong Mafia”

To illustrate Fig. 5 it is possible to show, first of all, that TS(0) < OP (0) if:

z < zL ≡ (1− p)P − pGt,

and that TS(kH) < OP (kH) if:

z < z1 ≡ (1− p)
(

G

1− α + P

)
. (19)

Given that zL < z1 by construction, if z < zL corruption never takes place i.e. TS(kt) <

OP (kt) for each kt. This is the case in which TS(kt) always lies below OP (kt), and corresponds

to the case in which the Mafia is very weak, as measured by a particularly low value of z. This

case would make the problem uninteresting and therefore, for simplicity, we do not represent

it in Fig. 5.

On the other hand, if zL < z < z1 then corruption occurs only when kt is sufficiently low,

i.e TS(kt) > OP (kt) only if kt is below a certain threshold k̂. This case corresponds to the

crossing between TS(kt) and the red OP (kt) curve in Fig. 5, denoted as OPW (kt).

Finally, if z > z1 then corruption takes place for each level of kt, i.e. TS(kt) > OP (kt) for

each kt. This corresponds to the case in which the TS(kt) line always lies above the OP (kt)

curve, as it happens in a comparison between the TS(kt) line and the blue OP (kt) curve in
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Fig. 5, denoted as OPS(kt).
20

In order to rule out the uninteresting case in which corruption never takes place, in what

follows we assume that:

Assumption 1

z > zL.

Proposition 1 summarizes the theoretical results presented so far, highlighting the conditions

under which corruption takes place.

Proposition 1 Under Assumption 1, two scenarios can arise, depending on the strength of the

Mafia, proxied by the value of z:

i. A “Weak Mafia” scenario: if zL < z < z1, corruption occurs if kt is lower than the

threshold level k̂.

ii. A “Strong Mafia” scenario: if z > z1, corruption occurs for each kt ∈ (0, kH ] .

The OP ∗
W (kt) and OP ∗

S(kt) curves in Fig. 5 respectively represent the cases of “Weak Mafia”

and “Strong Mafia”.

The intuition of Proposition 1 is the following. When the strength of organized crime is

low, which we proxy by a low level of z, then corruption takes place at low levels of capital (and

income), whereas at high levels of capital (and income) corruption does not take place. This

occurs because when the economy is poor the wages of the bureaucrats are low, and therefore

bureaucrats have a higher incentive to negotiate and accept a bribe. On the contrary, if the

economy is rich (i.e. if kt is sufficiently high), the bureaucrats’ wage is higher and therefore the

incentive to accept a bribe is lower.

Differently, when the power of organized crime is high, i.e. z is high, corruption occurs at

all capital levels. The intuition in this case is that the punishment by the Mafia is so high that

it drastically reduce the outside options of the bureaucrats, for whom in this case earning an

income with or without a bribe become less important than the punishment by organized crime

itself when bargaining over a bribe.

In the next section we describe the growth path for this economy for the two cases of strong

and weak Mafia.

20In Appendix A we show that the case characterized by TS(0) > OP (0) and TS(kH) > OP (kH), i.e. with

two intersections between the TS(kt) and OP (kt) curves cannot occur.
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4.6 Economic Growth

In this section we analyze the growth dynamics of income per worker implied by our model.

Let us define first of all the Government budget constraint.

Government’s total revenues are obtained by imposing a lump-sum tax on agents operating

in the legal sphere (bureaucrats of mass 1 and workers), so that total revenues amount to

τ(Lt + 1). We assume that no taxes are paid by members of the Mafia, under the hypothesis

that their illegal income goes completely undocumented. The Government uses total revenues

to finance public spending and bureaucrats’ salaries. Assuming that income from bribes is

hidden and therefore does not contribute to total revenues, the Government budget constraint

is given by:

(Lt + 1)τ = Gt + wt if φ∗ = 0

(Lt + 1)τ = Gt + pwt if 0 < φ∗ < 1
(20)

Assuming that only the income from the formal sector contributes to the savings available

for capital accumulation, aggregate physical capital is accumulated from the sum of the savings

of the workers, β(wt−τ)Lt
1+β

, and of the bureaucrats, i.e. β(wt−τ)
1+β

if φ∗ = 0, or β(pwt−τ)
1+β

if 0 < φ∗ < 1.

From Eq. (20) it follows that physical capital accumulation follows the dynamic process:

Kt+1 =
β(wtLt −Gt)

1 + β
, (21)

where we assume that physical capital fully depreciates after one period. In per worker terms:

kt+1 =
β[wt −Gt/Lt]

1 + β
, (22)

where kt+1 = Kt+1/Lt+1.

Now we can derive the accumulation equations for the cases of weak and strong Mafia. In

particular, from Eqq. (3), (13) and (22), when zL < z < z1, i.e. in the case of Weak Mafia, the

dynamics of physical capital accumulation is given by:

kt+1 =
β

1 + β


−gt + (1− α)(2−α)/αkt if kt ≤ k̂

−gt + (1− α)kαt G
1−α
t if kt > k̂

(23)

where gt = Gt
Lt

and k̂ is represented in Fig. 5. Differently, in the case of Strong Mafia, i.e. when
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z1 < z < zH , the dynamics of capital accumulation is given by:

kt+1 =
β

1 + β


−gt + (1− α)(2−α)/αkt if kt ≤ kH

−gt + (1− α)kαt G
1−α
t if kt > kH

(24)

where kH is represented in Fig. (4).

In both cases it can be observed that the capital accumulation equation is linear when kt is

below a threshold given by, respectively, k̂ (Weak Mafia) and kH (Strong Mafia), and concave

when kt is above the threshold. In this framework corruption occurs when kt is below the

threshold, and does not occur when it is above (see Figg. 4 and 5).

Figg. 6 and 7 graphically represent the accumulation paths in the two cases. These figures

are drawn for given values of k̂ and kH .

kH kt

kt+1
45

k̂ k�W

Figure 6: Capital accumulation:

Weak Mafia: z < z1.

k
H kt

kt+1

45

k̂ k
∗

Sk
∗

U

Figure 7: Capital accumulation:

Strong Mafia: z > z1.

Figg. 6 and 7 highlight that the accumulation process is characterized by multiple steady-

state levels of kt (and, therefore, of yt): a low-income steady state at k∗L = 0, and a high-income

steady state level at k∗W and k∗S for the cases, respectively, of Weak Mafia and Strong Mafia. Fig.

6 shows that the shift between basins of attraction occurs at a discontinuity in the accumulation

path at k̂, while Fig. 7 shows that the shift occurs at the unstable equilibrium k∗U given by the

intersection of the 45◦ line and the accumulation path.

An important implication of the growth dynamics represented in Figg. 6 and 7 is that,
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ceteris paribus, an increase in the strength of the Mafia, proxied by z, increases the size of the

basin of attraction of the low-income steady state from (0, k̂] to (0, k∗U ].21

To sum up, the empirical implications of the theoretical model presented in this section are:

i) in economies where organized crime is strong (weak), corruption is more (less) likely. Fig. 5,

in fact, shows that with a strong (weak) Mafia, corruption takes place at any capital level (only

at low capital levels); ii) in presence of corruption orchestrated by organized crime, the growth

dynamics is nonlinear and characterized by multiple steady states, with regions clustering at

low/high GDP steady-states (see Fig. 6 and 7); iii) in economies where organized crime is

strong (weak), the basin of attraction of the low-income equilibrium is larger (smaller). This

implies that in such economies it is more likely that income persists at low levels (see Figg. 6

and 7); iv) in economies where organized crime is strong (weak) the share of embezzled public

expenditure is high (low). In such economies, in fact, capital is likely to be low (high) and,

according to Eq. (13), this implies that φ∗ is high (low).

Fig. 3 in Section 3 supports the empirical implication i) by showing the correlation of

corruption and extortion. In Section 5 we describe our dataset and in Section 6 we propose

an estimation method which allows to verify whether the empirical implications ii) - iv) are

corroborated by the data.

5 Data

We utilize data from Italian regions for the period 1996-2013. Data on regional GDP and

population are from ISTAT; data on public expenditure are from the Italian Ministry of Fi-

nance;22 the measurement of corruption is given by the number of per capita reported corruption

crimes;23 the measurement of Mafia intensity is based on data on Mafia-related crimes (Mafia-

related homicides, Homicides, Extortion, Mafia association) from ISTAT, and on data on assets

confiscated to the Mafia, from ANBSC, the national agency managing properties confiscated

to criminal organizations. As a measure of public expenditure, we consider the ratio between

21This is the case as, from Eq. (24), we see that the vertical intercepts of both the linear and the concave

parts of the growth path are identical and equal to −gt. Given that kH is greater than k̂ by construction,

the linear part must necessarily cross the 45◦ line to the right of k̂, which implies an increase of the basin of

attraction of k∗L = 0.
22GDP, investment and public expenditure are evaluated at year 2000 prices. The source of data on public

expenditure is: “La spesa statale regionalizzata” (various years). The selection of the time period is dictated by

the availability of homogenous data on public expenditure, as after 2013 the criteria for their collection changed.
23Specifically, we utilize the number of corrupt activities reported to the police per 100,000 inhabitants,

utilized in Del Monte and Papagni (2007) and Lisciandra and Millemaci (2017).
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total regional public expenditure and regional population. Table A1 in Appendix B contains

some descriptive statistics.

6 Empirical Analysis

In this section we propose an econometric evaluation of the insights provided by the theoretical

model. In particular, we introduce an econometric model that allows to identify whether the

growth dynamics is nonlinear (empirical prediction ii)) and implies that regions where Mafia

is stronger belong to a low-income steady state (empirical prediction iii)). In addition, the

model allows to assess whether the share of embezzled public funds is higher in regions where

organized crime is stronger (empirical prediction iv)).

According to Eqq. (1) and (2) Mafia affects Yt first of all via the parameter φ, which

represents the share of embezzled public expenditure. As noted, the theoretical model suggests

that the optimal level φ∗ is higher the stronger is the Mafia (empirical prediction iv)). Moreover,

From Eq. (2) we derive an essential assumption for the econometric model. Namely, that

the “true” amount of public expenditure utilized for productive uses, denoted as Ḡt, is not

observable, but only its book value Gt is.

In fact, in regions where organized crime is stronger we observe lower levels of per capita

GDP (as in Fig. (1)) but not systematically lower levels of public expenditure (see Table A1).24

This, at first sight, might be counterintuitive as in standard growth model such as Barro (1990)

public expenditure is expected to exert a positive effect on growth. However, if the Mafia

embezzles public resources through a corruption-based system, as we suggest in this paper, this

remark could find a justification. In other words, in regions where organized crime is stronger

the net amount of public expenditure assigned to productive projects may not be enough to

sustain GDP growth.

Overall, the hidden and complex nature of Mafia activities implies three potential statistical

problems in the econometric analysis: (i) an errors-in-variables bias, as the covariate measuring

public expenditure at its book value does not capture its true value, i.e. the value of the public

expenditure allocated to production after the Mafia embezzled a fraction φ; (ii) an omitted

variable bias due to the fact Mafia actions are outlaw by definition, and therefore not directly

measurable, which implies that the “true level” of Mafia is hidden (latent) and difficult to assess;

(iii) a possible heterogeneous, region-specific, effect of Mafia on both GDP and the levels of

24The correlation between per capita GDP and per capita public expenditure from data in Table A1, after

excluding the high value of public expenditure for the region of Valle d’Aosta, is 0.37 and not statistically

different from zero at 10% significance level.
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public expenditure allocated to production (see, e.g., Griliches and Hausman, 1986, Davidson

and McKinnon, 1993) if different development regimes exist.

Each of these problems implies correlation between the residuals and the covariates of re-

gressions based on Eqq. (1) and (2). The higher this correlation, the greater the bias in the

magnitude and significance of the estimated coefficients. Several estimators have been proposed

to solve these problems, such as Two Stage Least Squares (2SLS), Two Stage Istrumental Vari-

abile (2SIV), dynamic Generalized Method of Moments (GMM) or two-stage GMM with IV,

and we will consider them in our empirical analysis. However, it is well-known that the issue of

optimal instruments uncertainty is one the major limitations to all forms of IV approaches, in-

cluding GMM (see for example Bazzi and Clemens, 2013 and Johnston et al., 2008). In order to

avoid uncertainty about the instruments and to allow for possible region-specific heterogeneity

on the effects of organized crime on GDP, we propose a semi-parametric estimation allowing,

on the one hand, to simultaneously obtain groups of regions with a certain level of homogeneity

and, on the other hand, to estimate how much of the public expenditure is “subtracted” by the

Mafia on average in each region.

Given these remarks, a preliminary issue is represented by the measurement of organized

crime, given that the model implies different predictions for economies in which the Mafia is

“weak” or “strong”. In this work we employ a Factor Analysis (FA) based on data in 1996

(the initial year of our period of observation) using data on Mafia-related crimes to measure

the Mafia intensity in different Italian regions, which will proxy for Mafia strength as defined

in our theoretical model.25 Appendix C contains the details of the FA.

The FA shows that a single factor explains approximately 80% of the variance of the set of

chosen variables measuring Mafia crimes (see Appendix C). In the following, therefore, we will

consider the first estimated factor as our synthetic Mafia Index. Figure 8 shows the relationship

between the Mafia Index and regional per capita GDP in 1996.

25For each mafia-related crime, we considered the number of these crimes per 100.000 individuals, and then

normalized each value in order to have zero mean and unit variance.
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Figure 8: Our estimated Mafia Index and per capita GDP in 1996.

We can see from Figure 8 that the relationship between the estimated Mafia index and

regional per capita GDP is still negative as in Figure 1 (which considered extortion only, and

was based on time-averaged values): regions with the highest values of the Mafia Index have

the lowest GDP levels.

However, Fig. 8 shows a more nuanced picture as we move from higher to lower Mafia Index

levels. In fact, at lower levels of the Mafia Index, say around 0.2, we find regions at remarkably

different levels of GDP such as Puglia (PUG) and Sardinia (SAR) at low GDP levels, and

Piemonte (PIE) or Liguria (LIG) at higher GDP levels. At face value, this picture is consistent

with empirical prediction iii) from the theoretical model: when organized crime is “strong”, the

basin of attraction of the low-income equilibrium is larger and, therefore, it is more likely to

find at low income levels regions in which the Mafia is pervasive. Differently, when organized

crime is “weak”, then it is more likely to find regions at different income levels.26

In the following section we present a covariate measurement error model estimated by finite

mixture models (see, among others, Aitkin and Rocci, 2002a, Richardson et al., 2002, Rabe-

Hesketh et al., 2004, Pitt et al., 2012).27

26For similar evidence see also Figure 1 in Pinotti (2015b).
27In appendix D.1 we estimate a classic measurement error model, using both panel IV and GMM (see, among
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6.1 Finite Mixture Covariate Measurement Error Models

Once we have defined the Mafia Index in 1996, denoted by mi, as the factor extracted from the

FA, we can use it as a covariate affecting the unobserved level of (per-capita) public expenditure,

denoted ḡit, where i and t, respectively, index regions and time.

In our specification two possible problems arise when we implement standard error-in-

variable model: 1) the indirect association of GDP and public expenditure through the Mafia

Index and, 2) unobserved heterogeneity, as some regions may have some common and unmea-

sured characteristics, affecting the data generating process (see Appendix D.1).

Taking these remarks into account in what follows we propose an empirical model in order

to avoid uncertainty about the instruments’ choice, and to allow for a region-specific effects of

the presence of the Mafia, accounting in this way for unobserved similarity or heterogeneity

among regions.28 Indeed, the theoretical model suggests that regions may follow a different

growth path depending on the “strength” of the Mafia and converge to two different steady

states: this empirical strategy exactly allows to take this into account.29

The empirical estimator we propose is based on the discretization of an unspecified random

distribution of the region-specific measurement error, which provides a consistent estimate of

the true distribution of the random effects (see Laird, 2017, and Lindsay, 1983a,b). Moreover,

the discretization of the model likelihoods, by construction, leads to the estimation of marginal

error densities through a finite mixture of Gaussian densities, in this way the assumption of

Gaussian errors is conditional on the mixture component. In this sense, our model specification

may help to produce robust estimates of the standard errors giving us more reliable p-values.

This empirical strategy will allow us, on the one hand, to simultaneously obtain groups of

regions with a certain level of homogeneity and, on the other hand, to estimate how much of the

public expenditure is “subtracted” on average in each region by the Mafia. The latter aspect

is a novel aspect that our analysis allows to consider.

Finally, it should be noted that, if we knew the a-priori regional clustering we could use these

clusters in a a simple pooled OLS model with interaction terms to obtain unbiased parameters

estimates, while reducing the unobserved heterogeneity bias. In Section F we show that, in

fact, by considering in a simple FE-OLS model the interaction terms between observed public

others, Griliches and Hausman, 1986 and Lewbel, 1997, for details.)
28In Appendix D we show that, in fact, if we apply methods such as FE-IV estimation, with different definitions

of the instrumental variables, the estimates are not stable over different specifications and residual unexplained

heterogeneity persists.
29See, among others, Alfo et al. (2008), Flachaire et al. (2014), and Owen et al. (2009) for the use of finite

mixture models in the estimation of multiple regime growth models.
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expenditure and the clusters found with Finite Mixture Models, unbiased parameters estimates

are obtained with normally distributed residuals.

Our strategy is to define an empirical model in which a key assumption is that what we

observe as public expenditure is a realization of a process involving region-specific organized

crime hidden actions, on the premise that Italian regions have different socio-economic struc-

tures sharing some common unobserved characteristics, as the level of organized crime.30 On

these grounds, regions can be conceptualized as belonging to “hidden”, homogeneous clusters,

i.e. each region belongs to one of K possible groups of regions sharing some common socio-

economic feature represented, in the empirical model, by cluster-specific latent structures (see,

e.g., Alfo et al., 2008, Owen et al., 2009, Durlauf, 2012).

In Eqq.(1) and (2), organized crime directly affects the level of observed (i.e. derived from

book values) public expenditure only, denoted in per capita terms as git. Assuming that the

Mafia can capture a portion of observed public expenditure, from Eqq. (1) and (2) we can

derive the following parsimonious specification of a system of equations:


E(ln(yit)| ln(ḡit),mi) = α + βg ln(ḡit)

E(ln(git)| ln(ḡit)) = ln(ḡit)

E(ln(ḡit)|mit) = ui + ψmi,

(25a)

(25b)

(25c)

where, only ln(yit), mi and ln(git) are observed, while ln(ḡit), and the errors are not.

In Eq.(25a) the parameter βg measures the effect of the actual per capita public expenditure

on the regional per capita GDP, and model errors are distributed as a N(0, σ). In addition,

Eq. (25b) implies that measurement errors are supposed to be orthogonal with respect to the

measurement error variance σg.

Furthermore, in Eq. (25c), we define a “measurement” model assuming that the Mafia

actions directly and asymmetrically affect the expected true value of public expenditure, i.e.

the error term ui is region-specific with measurement error variance σui .

If we substitute Eq. (25c) in Eq. (25b) we obtain the reduced form for the measurement

equation, denoted as the Measurement Model:

E(ln(git)| ln(ḡit),mi, ui) = ui + ψmi, (26)

while, by substituting Eq. (26) in Eq. (25a) we obtain the reduced form of the expected per

capita GDP equation, denoted as the Outcome Model:

E(ln(yit)|ui, ln(ḡit),mi, εit) = α + uiβg + ψβgmi. (27)

30See, e.g. Putnam (1992) on the differences in social capital or Calderoni (2011) on the different levels of

Mafia penetration across Italian regions and provinces.
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We see that mi has an indirect effect on per capita GDP though the coefficient ψβg which

represents the effect of the unobserved public expenditure.

To solve, at least partially, the inconsistency of the moodel in Eqq. (26) and (27), which

depends on the fact that the parameters for ln(git) and the overall gaussian errors εit could be

still correlated with the measurement error term, we allow for the measurement error term ui

to be distribution-free and region-specific (Rabe-Hesketh et al., 2004; Aitkin and Rocci, 2002a;

Pitt et al., 2012). In the model of Eqq. (26) and (27), instead of assuming a normal distribution

for the ui term, we leave its distribution unspecified. The Nonparametric Maximum Likelihood

Estimator (NPMLE) of the distribution is discrete (Laird, 1978, Heckman and Singer, 1984)

with a finite number of locations and masses. In NPMLE the number of masses is determined

to achieve the largest possible likelihood.

It should be noted that, if the estimation process does not find any unobserved heterogeneity

source in the data, the solution will be with K = 1 masses, in that case the model becomes a

classical Measurement Error Model estimated through Maximum Likelihood. In this respect,

for K >> 1, ui (for i = 1, . . . , n) denotes this set of subject and outcome-specific random

coefficients. The hypothesis is that the values of ln(yit) represent conditionally independent

realization of the potential per capita GDP, given the set of random factors ui estimated

following the EM algorithm (Dempster et al., 1977).31 From that it follows that since ui ∗ βg
measures the random intercept in Eq. (27), it could be considered as the estimated average

“true” effect of the value of public expenditure for the specific region i.

Table 1 contains the results obtained from the Covariate Measurement Model described by

the system of Eqq. (26) and (27). In Model A, as the theoretical model suggests, the Mafia

can affect public expenditure. As a robustness test, we consider as an alternative to the use of

the Mafia Index a measure of corruption crimes (Model B), given the correlation highlighted

in Figure 3. In both of the estimated models we keep assuming that organized crime (and

corruption) do not have direct effects on GDP, as suggested by the theoretical model.

First of all, in all models regions are partitioned into clusters, suggesting that there might

actually be unobserved heterogeneity at the regional level. In particular, in Models A and B

four clusters of regions are identified.32 Let us first point out that a test on residuals for all the

estimated models of Table 1 does not allow us to reject the assumption of Gaussian errors in

the different clusters (see Table A5 in Appendix E). This result implies that standard errors

31For the computational details see Rabe-Hesketh and Skrondal (2001), Aitkin and Rocci (2002b), and Alfo

et al. (2008).
32The number of clusters has been identified according the BIC criterium, for which a minimum value between

4 and 5 was found. We considered four clusters as the fifth was only a division of a cluster of three regions in

two, with one of the latter clusters containing only one region (Abruzzo).
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Table 1: Estimation results: Finite Mixture Covariate Error Model

MODEL A MODEL B

(True pub. exp. function of Mafia) (True pub. exp. function of corruption)

Outcome Model: Fixed Part

Constant -17.406*** -17.038***

(0.678) (5.747)

Outcome Model: Random Part

ln(ḡ)(k = 1) -0.106*** -0.120***

(0.020) (0.030)

ln(ḡ)(k = 2) 0.047** 0.051**

(0.020) (0.0240)

ln(ḡ)(k = 3) -0.018 -0.017

(0.020) (0.023)

ln(ḡ)(k = 4) 0.113*** 0.116***

(0.057) (0.003)

Measurement Model (Indirect Effects)

Constant 8.643*** 8.643***

(0.029) (0.031)

mk -0.048***

(0.005)

corrk -0.033***

(0.008)

n 360 360

K 4 4

Equation Errors (Standard Deviations)

σĝ 0.0659*** 0.070***

(0.0373) (0.037)

σu 0.410*** -0.410***

(0.0373) (0.037)

σε 0.0776***

(0.004)

Significance levels : ∗ : 10% ∗∗ : 5% ∗ ∗ ∗ : 1% .
Standard errors for locations are obtained from delta methods. The last class

is estimated by fixing the first class. The standard errors for last classes are

computed as: std(uk) = sqrt(u2kπ̂k).
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are free from unobserved heterogeneity and measurement error bias.

Figure 9 shows the partition of Italian regions in the four clusters.

1

2

3

4

Figure 9: Clusters of Regions identified in Table 1.

Cluster 1 includes seven regions, in particular those with the highest levels of the Mafia in-

dex (see Figure 8). These are the four regions which witnessed the origins of the most powerful

Italian criminal organizations: Apulia (Sacra Corona Unita), Calabria (’Ndrangheta), Campa-

nia (Camorra), and Sicily (Cosa Nostra). In addition, however, we also find other Southern

regions such as Sardinia, Molise and Basilicata, which do not feature a historical presence of

organized crime, albeit some recent evidence (e.g. Ministero dell’Interno, 2019) suggests that

Molise and Basilicata are partially plagued by criminal organizations of different origins, also

foreign, while Sardinia is characterized by autochthonous delinquent manifestations, although

not directly related to the pervasive control of the territory typical of traditional Mafia associ-

ations.33 As noted, the clustering depends on the fact that the random term ui does not only

capture the presence of organized crime but also what is unobservable but can be similar across

regions like culture, languages, family or religious traditions. In fact, all the regions in Cluster

1 are located in the Southern Italy and have very similar low GDP levels (see Figure 8).

Cluster 2 includes five regions from Northern-Central Italy: Piedmont, Emilia-Romagna,

Tuscany, Veneto, Friuli-Venezia-Giulia. These regions have similar and low Mafia Index levels,

around or lower than 0.2, and a very similar level of per capita GDP in 2006, around 3000

Euros (see Figure 8).

Cluster 3 contains three regions from Central Italy (Umbria, Marche and Abruzzo), with a

33The work of Pinotti (2015b) estimates the effect of organized crime on GDP by focusing on the regions of

Apulia and Basilicata.
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very low level of the Mafia Index and similar per capita GDP around 2500 Euros (see Figure

8), while Cluster 4 contains five regions, four from Northern Italy (Valle d’Aosta, Liguria,

Lombardy and Trentino Alto Adige) and the region of Lazio. Regions in Cluster 4 have a low

Mafia Index and a very high per capita GDP levels in 2006, although for both variables the

values are somewhat dispersed.

A key result in Table 1 refers to the differences in the estimated coefficients of the Outcome

Model, i.e. those identifying the effect of public expenditure on GDP. Such evidence supports

the existence of different growth regimes, i.e. the regions in the different clusters follow different

growth models (Durlauf and Johnson, 1995; Owen et al., 2009; Flachaire et al., 2014). The

estimated coefficients for ln(ḡ)(k = 1, .., 4) measure the cluster-specific estimated effects of

public expenditure on GDP, once we correct for the measurement error and for the unobserved

heterogeneity, in other words they represent the ûkβ̂g, (k = 1, .., 4) term in Eq. (27). In Model

A, the coefficient for the effect of the public expenditure in Cluster 1 is negative and significant,

while it is positive and significant in Clusters 2 and 4. In the latter, in particular, the coefficient

is higher in magnitude and highly significant. In Cluster 3 the coefficient is not statistically

different from zero. Although this possibility was not explicitly considered in the formulation

of the production function of Eq. 1, a negative coefficient of public expenditure suggests that

public expenditure may even be detrimental to growth in regions where Mafias are powerful.

This represents a further negative effect that Mafias exerts on growth via the public expenditure

channel, beyond the one on which we focus on this paper, the subtraction of public funds from

productive uses. On the contrary, in regions in which Mafias are less powerful, the effect of

public expenditure on per capita GDP is positive, as predicted by models such as Barro (1990).

As for the Measurement Model, in Model A of Table 1 the coefficient of the Mafia Index

is negative and significant, and has value ψ̂ = −0.0477, suggesting a negative effect on actual

public expenditure. The value of this parameter is lower than the estimated values of Table A4

in Appendix D, suggesting that without considering region-specific heterogeneity, the estimated

coefficient of the Mafia Index is likely to be biased. When we consider in Model B a measure

of corruption instead of the Mafia Index we still find a negative coefficient, albeit lower in

magnitude. Overall, utilizing corruption crimes instead of the mafia index does not affect the

main results.34

34The theoretical model predicted two steady-state income levels, while the econometric analysis suggest that

the statistically relevant clusters of regions are four. However, the results for Clusters 1 and 4 suggest that these

two clusters are those more neatly identified as different (see the estimated coefficients) and, for the GDP level

of the regions that belong to them, are those that better represent the two clusters predicted by the theoretical

model. Indeed, in empirical analyses on growth regimes, it is often the case that when more than two regimes

are identified (e.g. Durlauf and Johnson, 1995) those at the lowest and highest end of GDP levels are more
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Furthermore, our empirical approach also allows to estimate the size of the embezzled

public expenditure, given its book value. The amount of embezzled public expenditure is

the difference between the observed (per capita) public expenditure at book value and the

estimated one. Table 2 presents the results, showing the estimated amount of embezzled public

expenditure with a lower and upper bound of the estimate (values refer to averages over the

period considered).

Clusters Region Observed Pub. Exp. Lower bound Embezzled P.E. Upper bound

k == 1

Basilicata 5608.33 -567.0331 -566.2286 -565.424

Molise 5571.764 -563.3416 -562.5371 -561.7325

Calabria 5364.581 -542.4239 -541.6194 -540.8149

Campania 5149.244 -520.6833 -519.8788 -519.0743

Puglia 4886.079 -494.1133 -493.3087 -492.5042

Sardegna 6780.603 -685.3881 -684.5836 -683.7791

Sicilia 5927.206 -599.2271 -598.4226 -597.6181

k == 2

Emilia Romagna 5153.53 252.3879 253.1924 253.9969

Friuli Venezia Giulia 8534.143 405.6957 406.5003 407.3048

Piemonte 5338.888 253.499 254.3035 255.108

Toscana 5093.325 241.802 242.6065 243.411

Veneto 4050.749 192.142 192.9465 193.751

k == 3

Abruzzo 5319.334 -96.80008 -95.99556 -95.19105

Marche 4584.213 -83.53354 -82.72902 -81.9245

Umbria 5260.567 -95.74022 -94.9357 -94.13118

k == 4

Lazio 8429.942 1009.251 1010.056 1010.86

Liguria 8114.495 971.4555 972.26 973.0645

Lombardia 5885.89 704.4287 705.2332 706.0377

Trentino Alto Adige 5790.114 692.9535 693.758 694.5626

Valle d’Aosta 13124.06 1571.69 1572.495 1573.3

Table 2: Estimation of the embezzled per capita public expenditure. Observed Pub. Exp.: observed per capita

public expenditure; Embezzled P. E.: difference between Observed P. E. and the estimated public expenditure

from the Measurement Model; Lower bound: lower bound for the estimated embezzled public expenditure, given

by Embezzled P. E. - 1.96 ∗ s.e.); Upper bound: upper bound for the estimated embezzled public expenditure,

given by Embezzled P. E. + 1.96 ∗ s.e.). s.e. refers to the estimate of the effect of mk in Model A.

Table 2 shows that for regions in Cluster 1 the difference between the book value of public

clearly identified.
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expenditure (the “observed” value) and the estimated unobserved value is negative and sizeable,

corresponding to approximately 10% of the book value. Overall, therefore, we find that in these

regions the public expenditure allocated to productive uses is remarkably lower than what it

should be, and is also not effective in stimulating GDP, as the results in Table 1 suggest. The

same negative difference is found for regions in Cluster 3, although its impact is much lower

(approximately 2% of the book value)

For regions in Clusters 2 and 4, differently, the estimated value of the actual public ex-

penditure is predicted to be higher than the observed book value. In particular, the positive

difference amounts, respectively, to approximately 5% and 10% for regions in Clusters 2 and 4.

We interpret this statistical result as a sign of the efficiency of these regions in utilizing public

expenditure for productive uses. Regions in Cluster 2 and 4, as shown in Table 1, are the ones

with a positive and significant coefficient on the marginal effect of public expenditure on GDP.

In Appendix E we present some goodness of fit tests of our estimated model, while in Ap-

pendix F we show that, if the identified clusters were known ex-ante, a pooled OLS model with

interaction variables would be well-specified in both the estimated coefficients and goodness of

fit.

7 Conclusions

In this paper we studied the case in which a criminal organization corrupts public officials

to embezzle public expenditure, by using threats and bribes. We proposed a simple theo-

retical model that predicts a growth dynamics that depends on the strength of the criminal

organization, proxied by the intensity of the level of punishment the Mafia can impose on non-

complying bureaucrats, and is characterized by multiple steady states. Specifically, the higher

the strength of the Mafia, the larger the basin of attraction of the low-income steady state,

implying that economies in which organized crime is pervasive are more likely to persistently

experience low-income levels.

We studied the empirical implications of the theoretical model on a dataset from Italian

regions for the period 1996-2013. Our result suggest that the growth dynamics of the Italian

regions is characterized by multiple growth regimes, in line with the theoretical model. The

growth regimes are identified by the different levels of organized crime at the beginning of the

period. The regions where the Mafia is stronger are those with the lowest per-capita income.

The striking result is that in those regions the estimated share of public expenditure embezzled

by the Mafia is the highest, measuring approximately 10% of the public expenditure book value.

In addition, in those regions the estimated effect of public expenditure on GDP is negative,
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suggesting that a strong presence of organized crime is also associated to a lower efficiency in

the use of the public resources allocated to productive uses. Differently, in regions belonging

to clusters characterized by lower levels of organized crime, public expenditure appears to be

utilized in a more efficient way, as the estimated coefficient of the effect of public expenditure

on GDP is positive, and the size of the embezzled public money is estimated to be positive as

well: a statistical implication of the estimates, suggesting that in those regions the amount of

public expenditure allocated to productive uses acts as higher than its book value. Previous

results such as Del Monte and Papagni (2001) identified an average positive effect of public

expenditure on GDP growth in Italian regions and an average negative effect of corruption.

Our results allow to clarify that, behind averages, there exist significant cluster-specific effects.

These results have important policy implications. In particular, they suggests that controls

on the allocation of public money in regions in which criminal organizations are strong should

be all the more intense. In addition, they sheds new light on the criticisms towards economic

policies aiming at reducing the gap in regional economic development applied in the past in

Italy, especially those based on the mobilization of public resources (e.g. Alesina et al., 2001,

Auricchio et al., 2020). In the light of our results, as long as backward regions feature a strong

presence of organized crime, it is not surprising that policies based on public expenditure proved

unsuccessful in promoting growth.
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A Proof of Proposition 1

From Eqq. (17) and (18) define kMIN the level of kt such that the two functions have the same

slope, that is:

kMIN =
G

p1/(1−α)(1− α)2/α
. (28)

Then the scenario characterized by two threshold levels of kt such that if kt < k1 and kt > k2

then TS(kt) > OP (kt) arises if TS(kMIN)−OP (kMIN). Given that kMIN > kH , this scenario

never occurs in the range kt ∈ [0, kH ].

B Descriptive Statistics

Table A1 contains average regional values of the relevant variables utilized in the empirical

analysis, and the values of the indicators of Mafia crimes utilized to build the Mafia index in

1996.

C The Measurement of the Mafia

In the theoretical model of Section 4 we assume that Mafia actions can distort public decisions

on public expenditure to increase Mafia private profits. However, although we have some

concepts of what a “Mafia” is, and we can theoretically define its consequences on economic

activities, we cannot directly measure its “level”. We know that a Mafia combines some violent

and “social” activities,35 but a true measure of Mafia remains latent and unobservable. Our

choice, in line with the literature (e.g. Calderoni, 2011) is to measure the Mafia level in a region

through an index obtained from a Factor Analysis (FA) based on official data on Mafia-related

offenses and activities, as recorded by police forces and the judiciary. This choice has been

made to avoid specific empirical conjectures on what a Mafia really is.

The main advantage of FA is that a (potentially) single estimated scale measurement index

allows us to measure a complex or latent phenomena, such as the strength of a Mafia over a

territory. In our application, we assume that the presence of Mafia in the Italian regions is

an unobservable factor (i.e. a “latent variable”) which can be explained by a set of observable

variables such as those related to the Mafia-related offenses.36

35See Lavezzi (2014) for details on Mafia activities and on its social embeddedness.
36Strictly speaking, FA methods are statistical tools able to synthesize and to select the information spread

over a multiplicity of indicators into a few weighted indicators (factors), capable of preserving the useful informa-

tion of the original set of indicators. The new estimated variables are composite orthogonal indices, uncorrelated
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Region GDP Publ. Exp./Pop. Mafia Hom. Vol. Hom. Extort. 416bis Confisc. Goods

Abruzzo 2494.634 5319.334 0 0.022 0.003 0.004 0

Basilicata 2029.332 5608.33 0.003 0.015 0.014 0.014 0.01

Calabria 1744.024 5364.581 0.154 0.257 0.327 0.198 0.33

Campania 1901.603 5149.245 0.485 0.507 0.072 0.279 0.07

Emilia Romagna 3518.279 5153.53 0.001 0.106 0.004 0.019 0

Friuli Ven. Giu. 3179.326 8534.143 0.001 0.024 0.001 0.006 0

Lazio 3595.865 8429.942 0.004 0.164 0.035 0.043 0.03

Liguria 4145.817 8114.495 0.001 0.047 0.008 0.006 0.01

Lombardia 3809.978 5885.889 0.004 0.273 0.025 0.023 0.02

Marche 2791.106 4584.213 0.002 0.025 0.001 0.004 0

Molise 2185.364 5571.764 0.000 0.007 0.001 0.002 0

Piemonte 3127.11 5338.888 0.004 0.123 0.011 0.009 0.01

Puglia 1843.014 4886.079 0.084 0.204 0.105 0.117 0.1

Sardegna 2088.239 6780.603 0.001 0.105 0.007 0.001 0.01

Sicilia 1879.332 5927.205 0.137 0.322 0.256 0.417 0.26

Toscana 3074.376 5093.325 0.002 0.088 0.001 0.016 0

Trentino Alto Adig. 4002.127 5790.114 0.000 0.015 0.000 0.002 0

Umbria 2741.42 5260.567 0.000 0.020 0.000 0.002 0

Valle D’Aosta 3831.536 13124.06 0.000 0.005 0.000 0.001 0

Veneto 3091.69 4050.749 0.001 0.095 0.014 0.012 0.01

GDP= Per Capita GDP, (ISTAT, average values, 1996:2013)

Publ. Exp./Pop.=Tota Expenditure/Population, (Ministry of Interior, ISTAT, average values, 1996:2013)

Mafia Hom.= Homicides due to Mafia activities (Values per 100,000 inhabitants, ISTAT, year 1996)

Vol Hom.= Voluntary manslaughter (Values per 100,000 inhabitants, ISTAT, year 1996)

Extort.= Extortions (Values per 100,000 inhabitants, ISTAT, year 1996)

416Bis= Article 416− bis of the Prison Administration Act (Values per 100,000 inhabitants, ISTAT, year 1996)

Confisc. Goods= Confiscated goods to the Mafia (Values per 100,000 inhabitants, Ministry of Interior, year 1996)

Table A1: Descriptive statistics.
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Tables A2 and A3 contain the results of performing a FA on a set of indicators of organized

crime’s activity: homicides directly imputable to organized crime, extortion, Mafia association

(art. 416bis of the Italian penal code), overall number of homicides,37 confiscated goods. Tables

A2 and A3 show that the FA identifies one Factor, that will be utilized to build for each region

a synthetic Mafia measure that will be utilized in the econometric analysis of Section D.

Variable Factor1 Factor2 Factor3

Mafia homicides 0.8671 -0.2052 0.0327

Extortion 0.6679 0.0762 0.0852

Mafia association 0.8475 0.1566 -0.0156

Homicides 0.8397 -0.2029 -0.0494

Confiscated goods 0.8255 0.1996 -0.0369

Table A2: FA: Factor loadings

As noted, FA removes information redundancy (or duplication) from a set of correlated

measures, Tables A2 and A3 show that the first factor explains approximately 80% of the

variance of the set of chosen variables measuring Mafia crimes, while the other factors have

only a marginal correlation with the measures. For this reason we keep the first Factor as

representing Mafia intensity in each region in 1996.

Factor Eigenvalue Difference Proportion Cumulative

Factor 1 3.88 3.27 0.777 0.777

Factor 2 0.611 0.296 0.122 0.899

Factor 3 0.315 0.201 0.063 0.962

Factor 4 0.114 0.038 0.023 0.985

Factor 5 0.0758 . 0.015 1.00

Table A3: FA: Correlation matrix, Unrotated Factors

with one another, but representative of the indicators that the coefficients represent, i.e. they explain the total

variance of the original variables. In sum, starting from a set of indicators that measure a certain phenomenon,

FA obtains a single variable (or more, but in any case, a strictly lower number than the original number of

indicators) that describes the common information contained in the set of the original variables.
37We consider the overall number of homicides as exact imputation of an homicide to criminal organizations

cannot be always guaranteed. Indeed, Pinotti (2015b, p. F209) shows that the overall number of homicides can

be a good proxy for the intensity of Mafia activities. See also Brancaccio (2019, p. 73) for a similar remarks on

the homicides by the Camorra, the Neapolitan mafia.
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D Linear Regressions with Measurement Errors

Differently than in the model presented in Section 6.1, we now assume that Mafia homoge-

neously acts in Italy, i.e. the latent variable u can be consider constant among Italian regions:

ln(yit) = α + βg ln(ḡit) + νit

ln(git) = ln(ḡit) + ψmi + eit + u

(29a)

(29b)

As before: i) yit denotes per capita GDP and ḡit the actual public expenditure (i.e. what

remains after Mafia embezzlement) allocated to production, which is not observable; ii) ln(yit),

ln(g)it and mi are known; iii) ln(git) is composed by the true, but unobserved, component

ln(ḡ)it plus the measurement error term u that in this specification directly and symmetri-

cally influences the different regional public expenditure levels; iv) ψmi measure the public

expenditure subtracted by mafia. From Eqq. (29a)-(29b), it is possible to obtain the following

specification:

ln(yit) = β0 + βg ln(git) + βmmi + εit (30)

where β0 = α− u ∗ βg, βm = −βg ∗ ψ while the overall error term εit = νit − βg ∗ eit is assumed

to be distributed as N(0, σ).38

As pointed out in Section 6, Eq. (30) leads to inconsistently estimated parameters since

ln(git) and εit are both correlated with the measurement error term u. A possible solution,

much stressed in the literature, consists in estimating IV regressions (both two-stage or GMM)

for panel data, in which the instruments are the intercept and a vector of instruments correlated

with ln(git) and uncorrelated with εit.

Following Lewbel (1997, 2012), we use some transformations of the covariates and of the

response variable as instruments. Such transformations are useful when there are no additional

data available, or when it is not possible, or it is difficult as in our case, to imagine a model to

correlate instruments with an unobserved variable.

D.1 IV and GMM Results

Model specification in Eq. (30), being derived from the system of Equations (29a-29b), implies

a direct effect of the Mafia Index on GDP, although in our theoretical model the Mafia directly

affects public expenditure only, and exerts therefore an indirect effect on GDP. To take these

aspects into account, we estimate the Classical Error-in-Variables model both with and without

38Lewbel (2012) shows that the model parameters could be identified also when heteroscedasticity is present,

or when νit and eit are correlated.
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a direct effects of Mafia on GDP. As pointed out in the literature (e.g. Pinotti, 2015b), there

might be other channels though which organized crime affects output and, therefore, assuming

a direct effect of Mafia on GDP could also represent a way to take this into account. Table A4

reports the results of the panel FE-IV and GMM estimations of Eq. (30), in which a direct

Mafia effect on GDP is estimated.39

Table A4 contains the results of two specifications of a Panel FE-IV model and of a GMM

model with Continuously Updated Estimates (which is more robust to heteroscedasticity, see

Kleibergen, 2005, and Caner, 2009), in which the choice of the instruments differ (see the

bottom part of Table A4). Results in Table A4 are not univocal. In particular, in Models

(1), (2) and (3) the coefficient for public expenditure, the estimated βg in Eq. (30), does not

have a statistically significant influence on GDP, while in Model (4) public expenditure appears

positively related to the level of per capita GDP.

The parameter β̂m, related to the Mafia Index, is significant and negative in all models.

This would suggest that the Mafia has a direct, negative effect on GDP, a result that could

be in general expected from the stylized fact in Figure 1, from Figure 8, and from the existing

literature on this topic (Pinotti, 2015b). However, as pointed out, from the specification of Eq.

(30), βm measures the combined effect of “true” public spending on GDP and of Mafia activity.

In addition, the direct effect of βg on GDP is also partially captured by the model intercept,

as β0 includes both the homogeneously distributed measurement error u and βg itself.

Overall, results in Tables A4 suggest that we are facing a model uncertainty problem:

almost all the implemented tests for the orthogonality and the endogeneity of instruments (the

Sargan-Hansen test for panel IV and the Jensens test for GMM) for all the estimated model

specification do not have power to reject the null assumptions, while the under-identification

test suggests that we may reject the null assumption of a non-identified model. Looking at

the Kleibergen-Paap weak instrument test, we can reject the assumption of a low correlation

between instruments and covariates.

Although the implemented models to some extent might represent a good representation of

the effects of interest, the estimated parameters (both in magnitude and sign) are not stable

across specifications with different instruments (in particular from from Model (1) to Model

(2) for FE-IV estimations). In other words, these results do not help us to discriminate among

models.

In addition, for all the models implemented in Table A4, the Shapiro-Wilk and Pagan-

Hall tests (robust for heteroscedasticity) reject the null hypothesis of Gaussian residuals at

5% significance level. The main consequence of the results of these tests is that, in addition

39Models in Table A4 are estimated with robust standard errors.
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Table A4: Panel Instrumental Variable Results: Direct effects of Mafia On GDP

Panel FE-IV 1 Panel FE-IV 2 Panel GMM-CUE 1 Panel GMM-CUE 2

Dep. var. log of per capita GDP (1) (2) (3) (4)

ln(g)it 0.0479 0.1052 -0.0171 0.0315∗∗

(0.0456) (0.0641) (0.0115) (0.0140)

mi -0.5352∗∗∗ -0.5251∗∗∗ -0.6700∗∗∗ -0.6211∗∗∗

(0.1096) (0.1070) (0.1180) (0.1086)

Constant 7.6139∗∗∗ 7.1322∗∗∗ 8.2556∗∗∗ 7.7798∗∗∗

(0.4050) (0.5606) (0.1195) (0.1278)

Year and Region FE YES YES YES YES

Exogeneity test

Davidson-Wu-MacKinnon test for ln(g)it and mi

1.992 0.280 1.992 0.280

(P − value) 0.3694 0.8692 0.3694 0.8692

Underidentification tests

Kleibergen-Paap LM χ2(3) 18.658 18.992 18.658 18.992

P − val 0.000 0.000 0.000 0.000

Weak-instrument-robust inference

Kleibergen-Paap Wald F 39.113 189.149 39.113 189.149

Stock-Yogo critical values

5% maximal relative bias 13.91 16.85

10% maximal size 9.08 10.27

LIML maximum critical value 4.36 5.44

Overidentification test

Sargan-Hansen-Jensen 4.952 189.149 3.979 5.622

(P − value) 0.084 0.172 0.137 0.131

Orthogonality Statistics for mi

Hansen J statistics 1.089 4.812 1.069 4.986

(P − value) 0.297 0.090 0.301 0.083

Sargan C Statistic 3.864 0.184 2.910 0.636

(P − value) 0.0493 0.668 0.088 0.188

Test for Normal Residuals

Pagan-Hall(P − value) 0.006 0.004 0.007 0.004

Shapiro-Wilk(P − V alue) 0.000 0.000 0.000 0.000

R-squared 0.9986 0.9986 0.9986 0.1840

Regions 20 20 20 20

Observations 360 320 360 320

Sig. levels: ∗ 0.10, ∗∗ 0.05, ∗∗∗ 0.001, robust s.e. in parentheses.

Instruments mi, q vector

as in Lewbel

(1997, 2012).

mi, q vector as

in Lewbel (1997,

2012) and second-

order differences of

covariates.

mi, q vector

as in Lewbel

(1997, 2012).

mi, q vector as

in Lewbel (1997,

2012) and second-

order differences of

covariates.43
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Figure 10: Goodness-of-fit for Models 1-4 in Table A4: Observed vs Fitted values and Fitted

values vs Residuals (labeled, respectively, res1, res2, res3, res4).

to model uncertainty, the significance of the estimated parameters is also uncertain, as the

standard errors might be biased. Finally, by observing Figure 10, that report scatterplots of

actual and fitted GDP values and of actual GDP and residuals for the models in Table A4, we

can observe that there is still a certain unobserved heterogeneity.

From Figure 10 it is easy to see that observations are clustered. All the estimated models,

therefore, regardless of both the estimator (FE or GMM) or the instruments used, do not seem

able to correct for the parameter and standard error biases due to unobserved heterogeneity or

to covariate measurement errors.

E Goodness-of-fit in Finite Mixture Model

Table A5 contains the Shapiro test on residuals for the Finite Mixture Model (FMM) model

showing that for all implemented model we cannot reject the assumption of normally distributed

residuals, this implies that our standard errors may be considered more reliable for policy

advices.

Furthermore, figure 11 allows to assess the goodness of fit of the covariate measurement
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Table A5: Shapiro-Wilk Test on Residuals (p− value)
Models K == 1 K == 2 K == 3 K == 4

A Output model Residuals 0.63538 0.33615 0.34445 0.83298

Measurement Model Residuals 0.1227 0.19456 0.74194 0.8433

B Output model Residuals 0.94752 0.92331 0.30938 0.94679

Measurement Model Residuals 0.10068 0.20269 0.74421 0.84509

model estimation. The rootograms compare the empirical frequencies with the frequencies of

units to belong in a cluster. As we can see, the observations in the sample have been clustered

quite well by our model. This is also confirmed by looking at the top right panel, which reports

observed and fitted values, highlighting that the regions in the clusters are well identifiable. In

addition, by looking at the cumulative distributions functions in the bottom left panel, we can

see that the predicted values of our model can well replicate the observed values of the response

variable, differently from a simple linear model estimated by OLS FE. Finally, the histogram

of residuals confirms that the results of the Shapiro tests of normally distributed residuals in

Table A5.

Figure 11: Goodness-of-fit: Finite Mixture Model (FMM), Model A
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F Goodness-of-fit in an pooled OLS model

To further understand if the information obtained from the split of Italian regions into clusters

is effective in reducing heteroscedasticity and unobserved heterogeneity, we estimate a simple

pooled OLS regression of log GDP on public expenditure, interacting public expenditure with

cluster dummies and the Mafia Index variable (with robust standard errors).40

Table A6 contains the results, providing support to the following intuition: covariates and

clusters are significant, while the effect of public expenditure once corrected for the “Mafia

effect” is negatively related to GDP, the same for the effect of public expenditure. The OLS

results confirm that public expenditure in Cluster 1 has a negative influence on GDP, while for

the others the effect is positive. Moreover, the average effect of the public expenditure is not

significant (as in model 1 FE and 1 GMM CUE). The effect of mafia via public expenditure

(ln(g)it ∗mi) is negative as in the previously estimated models.

Dep. var.

log of per capita GDP β̂

ln(g)it ∗ (K == 1) -0.029***

(0.005)

ln(g)it ∗ (K == 2) .023***

(0.005)

ln(g)it ∗ (k == 4) .046***

(0.005)

ln(g)it - 0.055

(0.065)

ln(g)it ∗mi -0.017**

(0.005)

constant 8.360***

(0.548)

N 360

Shapiro Wilk 0.994

Pvalue 0.211

R2 0.96

Table A6: OLS estimation of the effect of public expenditure on GDP with Cluster dummies.

40In the estimation we drop the intercept to avoid the aliasing effect between dummies and the constant and

consider Cluster 3 as the reference cluster.
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Finally, Figure 12 shows the high capacity of the estimation to predict the values of GDP,

by comparing fitted and actual log GDP values, and the distribution of the residuals, showing

that we cannot reject the assumption of normally distributed residual as the Shapiro-Wilk test

in Table A6 suggests.

Figure 12: Goodness-of-fit: OLS with Interaction
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