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Abstract
This paper presents a data-driven complex network approach, to show similarities and dif-
ferences—in terms of financial risks—between the companies involved in organized crime 
businesses and those who are not. At this aim, we construct and explore two networks 
under the assumption that highly connected companies hold similar financial risk profiles 
of large entity. Companies risk profiles are captured by a statistically consistent overall risk 
indicator, which is obtained by suitably aggregating four financial risk ratios. The com-
munity structures of the networks are analyzed under a statistical perspective, by imple-
menting a rank-size analysis and by investigating the features of their distributions through 
entropic comparisons. The theoretical model is empirically validated through a high qual-
ity dataset of Italian companies. Results highlights remarkable differences between the 
considered sets of companies, with a higher heterogeneity and a general higher risk profiles 
in companies traceable back to a crime organization environment.

Keywords Companies financial risk indicator · Organized crime · Complex networks · 
Clustering coefficient · Entropy · Rank-size analysis

JEL Classification M19 · M49 · C18 · C63

1 Introduction

It is generally known that criminal organizations spread their wings over almost every kind 
of economic activity. In this respect, Italy represents a paradigmatic case (see the next 
section for a discussion on this point). In particular, companies in Italy can be effectively 
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clustered in the ones involved in illegal business and with strong conections with the 
Organized Crime—the so-called Mafia companies—and the other ones, the No Mafia com-
panies. Mafia Companies can be owned directly by individuals affiliated to the Mafia, and 
are used as vehicles to legitimate an economic activity. As alternative, Mafia Companies 
can be owned by ‘collusive’ entrepreneurs, i.e. individuals that are interested to establish 
cooperative relationships with the Mafia, with the purpose to take some economic or per-
sonal advantages (Sciarrone 2009). Mafia Companies represent a research topic of pecu-
liar interest, since they manipulate and monopolize financial markets, traditional institu-
tions, and other legitimate industries (Federal Bureau of Investigation). They threat many 
aspects of how humans live, work and do business. In short, these firms have a tendency to 
undermine democracy, the environment and the livelihoods and wellbeing of communities 
(Allum et al. 2019).

This paper aims at implementing a comparison between Mafia companies, considered 
as a whole, and No Mafia ones. The comparison is conducted with descriptive purposes 
by emphasizing in particular the differences between such groups expressed in terms of 
financial risk profile. Since existing knowledge about the investigated phenomenon is lim-
ited, the level of complexity and ambiguity of is undoubtedly relevant, also in considera-
tion of the very wide number and nature of factors involved; therefore, a complex system 
research approach might be suitable, allowing to structure Mafia and No Mafia Companies 
data as networks. Consistent with Cinelli (2020), the term network refers to the structure 
of data analyzed through a complex networks theory approach, with the intent to extract 
new knowledge useful to contribute to the comprehension of the characteristics of Mafia 
Companies. In so doing, we are particularly close to Ozgul (2016) and Villani et al. (2019), 
where the authors describe illegal activities linked to terrorism—the former paper—and 
the Organized Crime—the latter one—by discussing the properties of such criminal net-
works through complex networks instruments. Interesting to mention also Grassi et  al. 
(2019), where the authors identify the leaders in the Mafia organization through centrality 
measures of suitably constructed complex networks. In the same line, Mastrobuoni and 
Patacchini (2012) discuss the topological structure of the Mafia network by implementing 
an extensive complex networks-based analysis, and find evidence of a hierarchical struc-
ture of such illegal organizations.

However, the quoted papers deals with individuals. Rather than this, this paper explores 
companies and their financial characteristics. Specifically, we here discuss the risk profiles 
of the individual companies and of the overall set generated by them.

We assume that the companies of the considered groups are mutually interconnected. 
Such interconnections are driven by their similarity—to be intended here in terms of risk—
so that a strong link between two companies captures the fact that they share a common 
financial risk profile whose entity is large. This assumption is in line with several studies, 
which provide evidence that financial indicators based on companies’ financial structure 
show some commonalities among companies that are neutral to criminal organizations 
relatively to those who are not (see e.g. Ravenda et al. 2015b; Fabrizi et al. 2017; La Rosa 
et al. 2018). Moreover, such a condition is in agreement also with the well-known empir-
ical evidence that financial variables are more correlated when the market is in a high-
volatility phase (see e.g. Bartram and Wang 2005; Forbes and Rigobon 2002; Ramchand 
and Susmel 1998; references therein contained). Under a purely methodological viewpoint, 
similarity-based interconnections represent the ground of the well-established context 
of homophily, i.e. the attitude of two nodes sharing similar characteristics to be strongly 
linked. Relevant examples in the literature can be found in Cinelli et al. (2016), Mollgaard 
et al. (2016). Importantly, homophily is not only associated to the attributes of the nodes in 
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a social networks context, but can also be related to the segregation of similar entities in a 
financial and economic framework. This is the proposal of Elliott et al. (2014), where the 
authors presents a homophily-based model for countries and industrial sectors. In our set-
ting, we adopt the financial perspective of this relevant paper.

The different sets of Mafia and No Mafia companies are assumed to form two differ-
ent networks whose weighted arcs are constructed according to the same rule. A complex 
network approach aimed at describing similarities has also previously used by Cinelli et al. 
(2016), Cerqueti et al. (2018), D’Arcangelis et al. (2019) and D’Arcangelis et al. (2020), 
only to name a few.

The financial risk profile is assessed through the construction of a risk indicator, which 
aggregates four ratios derived by financial analysis, which are significant in expressing to 
what extent different stakeholders (i.e. suppliers, workforce, financial lenders and the over-
all community of creditors) are exposed to a financial risk deriving by their relation with a 
given company. The four indicators are the following: (a) Days Payable Outstanding (DPO, 
hereainfter); (b) Timely Payments to Social Institutions (TPSI, hereinafter); (c) Funded 
Capital Ratio (FCR, hereinafter); (d) Long Term Financial Debt Coverage (LTFDC, here-
inafter). The overall risk indicator is defined as a fair sum of the four financial ratios, so 
that it is conceptualized by assigning an equal weight to its constitutive parameters. In so 
doing, we are in line with literature on corporate disclosure, where the adoption of self-
constructed indexes is quite common. Unweighted indexes are genreally preferred since 
they are easier to calculate and allow to reduce the subjectivity bias (see e.g. Cooke 1989; 
Ahmed and Courtis 1999).

Thus, in the context of risk and of our definition of the connection between two com-
panies, we compare and provide a deep exploration of the community structures of the 
considered networks. At this aim, we employ the clustering coefficient of the nodes of the 
networks, which is a statistical measure for complex networks particularly suitable for our 
purposes. In this respect, we refer to the conceptualizations of the clustering coefficients 
for weighted and unweighted, directed and indirected networks in Barrat et  al. (2004), 
Cerqueti et al. (2020), Clemente and Grassi (2018), Fagiolo (2007), Onnela et al. (2005) 
and Watts and Strogatz (1998). In our specific context, we adopt the definition of cluster-
ing coefficient of Onnela et al. (2005), which is particularly suitable in our framework of 
weighted and undirected networks.

The exploration of the community structures of the networks allows to gain insights 
on the strength of the connections between the individual companies in the Mafia and No 
Mafia cases, along with their tendency to form clusters of highly risky and interconnected 
companies. It is worth mentioning, however, that problems of interpretability caused by 
the rigidity of the network structure may arise when comparing the networks (Cinelli et al. 
2017, 2020).

To pursue our purpose, we investigate the empirical distribution of the clustering coef-
ficients under two very different perspectives. By one side, we analyze the Shannon entro-
pies (introduced by Shannon 1948) of the considered samples and of a large set of sub-
samples of highest and lowest clustering coefficients. In so doing, we are able to discuss 
the deviations of the risk profile-based community structures associated to the companies 
from the very relevant cases of companies absolute homogeneity (i.e., uniform distribu-
tion, which is associated to the maximum level of entropy) or absolute heterogeneity (i.e., 
concentration over a unique clustering coefficient which appear when entropy reaches its 
minimum value). In order to have an intuitive view of the role of entropy, it is worth men-
tioning the applications of such an instrument in portfolio theory (see e.g. Bera and Park 
2008; Mercurio et al. 2020; Pola 2016). In such a context, a large value of the entropy of 
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the weights of a portfolio is associated to a high level of portfolio diversification. Thus, the 
employment of Shannon entropy is quite informative in our framework, in that it allows to 
state whether the risk profiles of Mafia and No Mafia companies follow scattered or com-
mon patterns. The usefulness of Shannon entropy is witnessed by its popularity in a wide 
strand of applied science literature, including of course economics and management (see 
e.g. the recent contributions of Bartolacci et al. 2015; Chao et al. 2015; Fedajev et al. 2020; 
Karagiannis and Karagiannis 2020; Rosser 2016; Yang 2018).

By the other side, we apply a rank-size analysis of the nodes by taking as size the level 
of clustering coefficient. Companies are ranked in decreasing order according to the values 
of the clustering coefficients, so that the highest value of such a coefficient is associated to 
unitary rank. Rank-size analysis allows to derive a best fitting curve-based systemic view 
of the considered networks. In details, the investigation and comparison of the calibrated 
curve parameters and of the goodness of fit indicators can be effectively used to gain rel-
evant information on the discrepancies between Mafia and No Mafia companies, and of 
their risk profiles in a systemic contextualization. Rank-size analysis is one of the most 
popular methodological statistical investigation device when one aims at deriving an over-
all view of a phenomenon on the basis of some observations, by taking under special con-
sideration how a quantitative charateristics of the phenomenon drives the collocation of 
the individual observations in terms of rank. Such a methodology is able to translate a set 
of points—clustering coefficients, in our case—to an unified system having clear macro-
scopic characteristics. Moreover, the rank-size analysis is also able to provide insights on 
the mechanism of random growth generating the explored system (see Gabaix 2009 for a 
detailed explanation of this aspect). Even if the study of such a mechanism is well-beyond 
the scopes of the present paper, the possibility of discussing the generator of the ranked 
data is a further motivations for analyzing Mafia and No Mafia companies under the rank-
size perspective. Thus, it is not unexpected that the literature on this field is rather wide, 
and includes authoritative contributions in the contexts of management and economics (see 
e.g. Ausloos and Cerqueti 2016; Bartolacci et  al. 2019; Cerqueti and Ausloos 2015a, b; 
Briant et al. 2010; Gabaix 1999a, b). In the context of rank-size analysis, we adopt a best 
fit curve of third degree polynomial type. Such a choice has been driven by a preliminary 
visual inspection of the scatter plot of the rank-size data, but also by the intuitive inter-
pretation of the calibrated parameters of this specific function. Moreover, the discrepancy 
between the best fit curve and the scatter plot—to be intended under a statistical point 
when looking at the goodness of fit parameters or under a purely visualization perspec-
tive—allows to identify the presence of some outliers for both networks of Mafia and No 
Mafia companies. This is a well-known property of this type of analysis, called king and 
vice-roys effect (see e.g. Laherrere and Sornette 1998; Ausloos 2013), being the highest 
outlier the king and the other ones the vice-roys.

In the next section we will present the formal statement of our main research hypothesis 
of our study, along with a supporting literature review. However, we can preannounce that 
results suggest that Mafia companies are more heterogeneous than No Mafia ones, espe-
cially when referring to the subsample of high values of the clustering coefficients. Basi-
cally, the financial risks of Mafia companies is higher than those of No Mafia ones, and the 
former set of companies is associated to stronger communities of clusters of highly risky 
companies.

The rest of the paper is organized as follows. Section 2 contains a brief literature review 
on the applied topic we deal with, to support the investigated research hypothesis—which 
is formally stated at the end of the section. Section 3 outlines the details of the theoretical 
weighted network model. In such a section, the overall risk indicator for the companies is 
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also introduced. Section 4 contains the description and a deep exploration of the empiri-
cal dataset used for the comparison experiment; moreover, it presents and discusses the 
adopted methodological tools. Section 5 is devoted to the illustration of the results and to 
the discussion of them. Last section offers some conclusive remarks.

2  Literature review and statement of the research hypothesis

As already mentioned above, a proper description of the Italian productive structure can-
not avoid an explicit reference to the role of the Organized Crime in the economic envi-
ronment (see e.g. Allum et  al. 2019; Esposito et  al. 2019; Savona and Riccardi 2018; 
Savona and Calderoni 2016; Pinotti 2015; Calderoni 2011; Paoli 2004; Arlacchi and Ryle 
1986) since the global revenues generated by Italian mobsters reached 211 bln Euros in 
2017, which accounts approximately for 12% of Italy’s GDP (ISTAT, 2019). However, 
ISTAT’s estimates refer to non-observed economy, which includes underground, illegal 
and other shadow productive activities but little attention is given to the instrumentality 
used legally by criminal organizations to implement their business ventures, i.e. companies 
that are legally registered in the Italian Business Register but traceable back to a Mafia 
environment.

In this respect, it is worth noting that Mafia Companies can be used for different pur-
poses and hold different characteristics accordingly. In particular, within the general defini-
tion of Mafia companies three sub-categories can be identified, namely: screen companies; 
papermakers and star companies (La Rosa and Paternostro 2015). Screens and papermak-
ers, are generally used by criminal organizations for money laundering services or for sup-
porting activities of other kind; their financial statements may show some anomalies such 
as: no revenues in combination with operating costs; or substantial balance between rev-
enue and costs; significant fluctuations in revenues over time; abnormal liquid funds, at 
least if compared with the volume of operating activities (Fabrizi et al. 2017). Conversely, 
star companies effectively do business in a given industry, and in several cases they show 
stable positive economic and financial performance. Star companies may be the mean for 
organized crime to create stable relations with institutions, governmental agencies, politics 
and create the suitable environment where bribery initiatives might take place.

In general, prior studies suggest that Mafia companies are more pervasive in some 
specific industries since the industry in which a firm operates is an essential variable in 
explaining illegal activity (Daboub et al. 1995). Firms in specific industries are more likely 
to commit illegal acts (Baucus and Near 1991; Simpson 1986) and show similar rates of 
illegal activity (Cressey 1976). Mafias demand to exert power over specific business sec-
tors (Allum et  al. 2019) and date sets of prior studies confirm that claim. For example, 
Ravenda et  al. (2015a, 2015b) used a sample of mafia-related firms mainly operating in 
building and construction, wholesale and retail trade, transportation and storage industries. 
Similarly, Savona and Riccardi (2018) and Savona and Berlusconi (2015) mapped a wide 
variety of business sectors in which mobsters play a vital role and conclude that construc-
tion, wholesale, transportation, healthcare and waste management are involved mostly. The 
same industries are depicted in our data set as well. Apart from those industries stimu-
lated by the possibility of intercepting substantial flows of public resources such as waste 
management, healthcare, and construction bids, it is undeniable that clans are investing in 
other areas, such as utilities, hotels and restaurants, real estate, agriculture, import/export, 
and financial services (Transcrime 2013; Savona and Berlusconi 2015). However, both 
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academic and practitioner literature seem to support homogeneity in terms of industry. 
Moreover, Article 53 of the Italian Law No. 190 of November 6, 2012, on the preven-
tion and repression of corruption identifies the most vulnerable economic sectors to mafia 
infiltration, i.e., water supply, sewerage, waste management and remediation activities (EU 
NACE code E), construction (EU NACE code F), wholesale and retail trade (EU NACE 
code G), transportation and storage (EU NACE code H). Thus, it is reasonable to assume 
homogeneity in terms of industry.

In the present paper, we explore the deviation between Mafia companies and No Mafia 
ones by adopting a financial risk perspective. In so doing, we contribute to the macroarea 
of corporate risk (see Cao et al. 2015; Firth and Smith 1995; Koutmos et al. 2018, only to 
name a few). We contextualize Mafia and No Mafia companies in this field of studies; this 
might be helpful, to some extent, in explaining uncertainty in financial systems.

In the literature, the topic of Mafia companies has not attracted a great number of schol-
ars, although relevant negative effect may derive on economic growth at local level, par-
ticularly in those areas where criminal organizations are remarkably active and concen-
trated (Mirenda et al. 2019). To the best of our knowledge the financial risk perspective 
associated to Mafia companies has not been investigated explicitly yet; however, extant 
studies provide evidences that motivate both our research purpose, as well as the adopted 
approach. In particular, in the literature on criminal activities, some studies show that 
mafia companies hold similarities in their financial risk profiles (represented through finan-
cial indicators), which express higher risk levels compared to companies not belonging to 
criminal organizations (Fabrizi et al. 2017; Ravenda et al. 2015b). Mirenda et al. (2019) 
show that companies which over time experience infiltrations by criminal organizations are 
characterized by a progressive deterioration in the leverage ratio and consequently in their 
financial stability, while in the years that precede the infiltration a flat trend was occurring. 
Going more in depth in the composition of the level of indebtedness, it is worth noting that 
financial debts in Mafia companies show generally a low incidence on total assets (Di Bono 
et  al. 2015); consequently, a great percentage of debts must be of operating nature (i.e. 
payables to suppliers, to the employees, to the tax authority or to social security institu-
tions). Drawing on the above mentioned references, in our analysis of exploratory kind, we 
use financial ratios related to financial indebtedness referred to specific categories of credi-
tors (namely suppliers, banks and the company workforce) and we formulate the following 
research hypothesis:

H1 The risk profile of the system of Mafia companies is higher than that of the No 
Mafia ones.

3  Network model

We build two different networks of companies: the first one is associated to the Mafia com-
panies, the other one collects the other (No Mafia) companies. The distinction is based on 
the inner characteristics of the considered companies. It will be clear in the next Section, 
where the empirical dataset will be described in details.

We collect the Mafia companies in a set Vm and the No Mafia ones in a set Vnm . Such 
sets represent the set of the nodes of the two networks under consideration.

Nodes are connected according to a common rule. To describe such interconnections, 
we refer hereafter to the generic set of nodes V. In particular, we consider weighted 
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connections, so that the generic link connecting the nodes i and j in V—namely, (i, j)—
is associated to a nonnegative weight wij which represents the strength of the connection 
between i and j. Such weights are listed in a squared matrix � = (wij)i,j∈V whose order 
is the cardinality of V—namely, |V|. Matrix � is the weighted adjacency matrix of the 
network.

We here face the risk profile of the considered companies. Thus, we first need to 
define the risk profile of a generic company k ∈ V .

We derive risk indicators by financial statement analysis. All the indicators are based 
on company liabilities, which reasonably may be considered as relevant driver of risk 
in the perspective of the several categories of creditors. On the basis of data availability 
(see the next section on this point) and as preannounced in the Introduction, we here 
consider four of them: (a) DPO; (b) TPSI; (c) FCR; (d) LTFDC; for all the four indica-
tors, the higher the values, the higher the financial risk profile associated to the com-
pany (see the next section on these points).

We denote them when associated to a generic company i ∈ V  by xa(i), xb(i), xc(i), xd(i) , 
respectively.

The aggregated indicator of the i-th company is then

The indicator in (1) is conceptualized to treat in a fair way the terms composing it, without 
assigning prominence to any risk parameter coming from the balance sheet. In so doing, we 
are in line with literature on corporate disclosure, where the adoption of self-constructed 
indexes is quite common (see e.g. Castellano et al. 2019). Generally, unweighted indexes 
are preferred in this field of research, since they are easier to calculate and allow to reduce 
the subjectivity bias (see e.g. Cooke 1989; Ahmed and Courtis 1999), whereas weighted 
indexes require personal judgements about the weights to be assigned to every item. We 
are now ready to introduce the way in which two companies are connected in the network.

The research approach used in this paper is quite common in research on complex 
networks. Homophily is the term used to address the link between two nodes which are 
similar according to a set of pre-determined characteristics and being this true means 
that the number of links is able to represent how spread are nodes holding similar char-
acteristics (see e.g. Cinelli et al. 2016; Mollgaard, 2016). In this line, we assume that 
two companies i, j ∈ V  exhibits a high level of interconnection—i.e., a high value of 
wij—when they have similar risk profiles and, at the same time, such risk profiles are 
large—according to the definition of risk profile given in (1). We also assume that very 
small levels of risk profiles are associated to low connections, even if such levels are 
similar. Moreover, in order to focus specifically to the community structures generated 
by the mutual interconnections of different nodes, we conveniently assume that self-
connections are not allowed.

Thus, we define the weights w’s as follows:

By definition, one can notice that wij increases with respect to Xi and Xj and decreases with 
respect to |Xi − Xj| . Moreover, the range of the weights in (2) is [0, 1], with wij = 1 when 
Xi = Xj = 400 and wij = 0 when Xi = Xj = 0.

(1)Xi = xa(i) + xb(i) + xc(i) + xd(i), ∀ i ∈ V .

(2)wij =

⎧⎪⎨⎪⎩

Xi+Xj

2⋅400⋅(�Xi−Xj�+1) , if i ≠ j;

0, if i = j.
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We denote the networks of the Mafia companies and No Mafia ones by Nm = (Vm,�m) 
and Nnm = (Vnm,�nm) , respectively.

4  Data and methodology

This section is devoted to the description of the considered dataset and the methodological 
devices used to explore and compare the considered networks.

4.1  Description of the dataset of the considered companies

Under the Italian Criminal law (Royal Decree n. 1398 of 19 October 1938) after the first 
instance of court confiscation Mafia companies are assigned to the Italian agency for the 
management of seized and confiscated assets, namely Agenzia Nazionale Beni Sequestrati 
e Confiscati (hereinafter ANBSC). Therefore, confiscated companies belonging to the list 
provided by ANBSC, where chosen.

The initial population comprised all 1705 confiscated companies. In Italy, Limited lia-
bility companies and cooperatives have to deliver their annual reports to the official busi-
ness register of the Italian Chambers of Commerce while partnerships, sole proprietorships 
and other legal forms (e.g. associations, trusts, etc.) are not required to file annual reports. 
Accordingly, 391 (22.93%) partnerships, 408 (23.93%) sole proprietorships and 59 (3.46%) 
other legal forms, with no available financial data were removed because of different nor-
mative environments. The remaining 847 companies are limited liability companies (830) 
(48.68%) and cooperatives (17) (1%).

Firms provided by ANBSC have all been confiscated by final judgment but unfortu-
nately most of them are not traceable due to secrecy reasons. Only 172 (10%) companies 
could be identified either by name or by value-added tax number—i.e. VAT. Thus, another 
set of 217 firms found in AIDA, the Italian Bureau Van Dijk database, with status confis-
cated has been added to the initial group of Mafia companies. The financial statements for 
all firms are obtained from AIDA, database but their small size, their inactivity or their liq-
uidation status means that only 231 out of 389 Mafia companies, have financial statements 
available on AIDA. For each company, we reviewed the first recent financial statement 
available prior to the confiscation year as once confiscated Mafia companies may lose their 
distinctive characteristics (Ravenda et al. 2015a). In doing so, we have obtained companies’ 
financial statements ranging from 2002 to 2017. Moreover, some missing financial state-
ment items on AIDA data for the calculation of selected variables (i.e. DPO, TPSI, FCR 
and LTFDC, see the next Subsection for their description) in some years further reduced 
the number of Mafia companies which ends up being 97. The remaining 97 companies 
were further classified by EU NACE Rev. 2 codes (16 manufacturing; 13 water supply, 
sewerage, waste management and remediation activities; 13 construction; 19 wholesale 
and retail trade, repair of motor vehicles and motorcycles; nine transportation and storage; 
three information and communication; nine real estate; six administrative and support ser-
vice activities; and nine arts, entertainment and recreation companies).
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Firms were also grouped by number of employees expressed in annual work units 
(AWU) and by total assets (TA) to be able to decide whether the companies are micro (53 
companies), small (22 companies), or medium-sized (22 companies)1. Due to industrial 
classification and size differences, these groups are not completely homogeneous. A care-
ful selection of No Mafia companies was attempted to construct the control group. Com-
panies have been matched by regional headquarter first. This means that we looked for 
No Mafia companies in the same Italian region in which, each analyzed Mafia company 
has its own headquarter. However, the probability to choose a non-confiscated Mafia com-
pany is very high in some Italian regions (e.g. Sicily, Calabria, Apulia, and Campania) thus 
only companies found on the regional White lists produced by the Ministry of Interior have 
been considered. These lists2 contain detailed information about companies that voluntarily 
have accepted on-going and in-depth checks, performed by the Italian authorities, aimed at 
preventing criminal infiltrations in the specific firm. Therefore, companies on the list are 
assumed to be No Mafia companies.

We further paired No Mafia companies by industry, number of employees, and total 
assets. Lastly, we analyzed for each No Mafia company the same firm year observation 
as we did for Mafia companies. The final control group consists of a set of 127 No Mafia 
companies.

4.2  The risk indicators of the companies

According to formula (1), the overall risk indicator of the companies X is created by sum-
ming four financial ratios, namely xa, xb, xc, xd , which may express the financial risk of a 
company under four different perspectives. Table 1 summarizes the formulas for the compu-
tation of the ratios—which are labeled by their acronyms—along with their variation ranges.

The four indicators have been derived by building on previous literature on criminal 
organizations. Mafia companies show higher level of debts on total assets relative to No 
Mafia ones (Ravenda et al. 2015b; Fabrizi et al. 2017), but at the same time Mafia Compa-
nies shows a lower level of bank debt (La Rosa et al. 2018; Ravenda et al. 2015b), which 

Table 1  Formulas for the 
computation of the financial 
ratios associated to companies 
risks, along with their variation 
ranges

*VAT stands for value-added tax, as mentioned above. ** Max debt 
in case of timely payments is the maximum theoretical value of debt 
to social security and welfare agencies and is computed as the ratio 
between Social Security Expenses and 12

Ratio Formula Range

DPO Accounts payable × 360/purchases with 
delayed payments (+ VAT*)

(0,+∞)

TPSI Debts for social contributions/max Debt in 
case of timely payments**

(0,+∞)

FCR Equity + long term loans /fixed assets (0,+∞)

LTFDC Long term financial loans /property (0,+∞)

1 Since Mafia companies have the power to discourage competition their income statement may report 
biased revenue volumes. Therefore, we decided to exclude the annual turnover parameter recommended by 
EU recommendation 2003/361.
2 Lists are official, and are available online at http:// www. prefe tture. it/.

http://www.prefetture.it/
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may reasonably be interpreted as a major inclination for Mafia companies to cover their 
financial needs by resorting to operating debts, such as accounts payables. By the way, 
accounts payables represent sometimes the way used to let dirty money enter into the Mafia 
company for money laundering purposes. Coherently with the cited literature we use the 
DPO as first indicator of risk, measuring the days needed on average by a company to settle 
its accounts with suppliers.

According to Ravenda et  al. (2015a, 2015b), indicators based on labor and tax eva-
sion might also be meaningful in the explanation of differences between Mafia and No 
Mafia companies. In line with this, Arlacchi (2007) affirms that among their “competitive 
advantages”, companies belonging to criminal organizations frequently are not compliant 
with payments on social contributions; therefore the second ratio—i.e., TPSI—provides a 
measure of financial risk in the perspective of a company workforce. When TPSI is equal 
to 1 (or lower) the company is respecting (or anticipating) the terms of payment fixed by 
the law for social and employee contributions, while the higher is the ratio, the higher is 
the amount of money unpaid. The third and fourth ratio derive by considerations about 
the adequacy of the financial structure of a company (Arlacchi 2007; Dupla et al. 2012; 
Ravenda et al. 2015a, b, only to name a few). The FCR is a measure of financial stability: 
when the ratio is higher than 1, the financial structure of a company is in equilibrium and 
the amount of long-term debts and equity is compatible with the long term financial needs 
generated by the fixed assets, and this should prevent a liquidity crisis. On the other hand, 
too high values of the ratio may not necessarily be a positive sign, since the permanent 
liabilities in excess could be used as example to create liquidity funds available for activi-
ties instrumental for the criminal organization. The fourth ratio, the LTFDC, is similar to 
the previous one but focused on creditors of financial nature. Usually property is requested 
as guarantee when opening a mortgage or other kinds of long term financial debts; so when 
the amount of debts overwhelms the value of property, this could be the sign that debt is 
obtained through corruption or other persuasive methods. Data needed to calculate the four 
indicators are included in the mandatory information of financial statements.

It is worth noting that measures of profitability, which is a relevant driver of compa-
nies’ financial stability, could also have been included in the financial risk index. However, 
as already mentioned in Sect. 2, the different subcategories of Mafia companies (screen, 
papermakers and star) may show remarkable differences in revenues and operating costs 
(Fabrizi et al. 2017; La Rosa and Paternostro 2015). Therefore, Mafia companies belonging 
to such categories cannot be always reasonably compared with the No Mafia ones in terms 

Table 2  Main descriptive 
statistics for the financial risk 
ratios. Case of Mafia companies

DPO TPSI FCR LTFDC

Mean 156.24 2.02 2.24 2.57
SD 90.29 0.80 2.05 1.92
Mean/SD 1.73 2.52 1.10 1.34
Min 4.67 0.79 0.04 0.20
Max 373.75 3.87 5.85 6.90
Q1 90.26 1.45 0.53 1.15
Median 136.94 1.82 1.09 1.88
Q3 192.96 2.57 4.44 3.63
Skewness 0.91 0.48 0.65 1.10
Kurtosis 0.18 −0.60 −1.23 −0.07
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of profitability. Since we do not control the type of Mafia company in this first exploratory 
study, we decided not to include profitability measures in the financial index.

Descriptive statistics about the four financial indicators for Mafia companies and No 
Mafia ones are provided in Tables 2 and 3, respectively.

The distributions of data for Mafia companies and No Mafia ones look substantially 
similar, since they show same levels of data dispersion, as well as skewness and Kurtosis. 
The distributions show a slight positive skewness, which is reasonable to be expected, con-
sidering that all the ratios have a finite minimum value but an infinite maximum. Kurtosis 
is close to zero in the majority of the cases, showing the existence of rather mesokurtic 
distributions. Of course Mafia companies’ distributions are all shifted around higher mean 
values, these being remarkably higher for TPSI, FCR and LTFDC, thus providing evidence 
that higher financial risk levels may be associated to such category of companies. The 
observations about the four risk ratios have been normalized in [0, 100] in order to calcu-
late the overall risk index X, by using the following simple procedure:

(3)x⋆(i) ↦
x⋆(i) −minj∈V x⋆(j)

maxj∈V x⋆(j) −minj∈V x⋆(j)
× 100, ⋆ = a, b, c, d.

Table 3  Main descriptive 
statistics for the financial 
risk ratios. Case of No Mafia 
companies

DPO TPSI FCR LTFDC

Mean 153.09 0.7 1.2 1.09
SD 94.71 0.44 1.07 0.82
Mean/SD 1.62 1.6 1.11 1.32
Min 2.38 0 0 0
Max 383.36 1.9 4.43 3.09
Q1 75.43 0.34 0.45 0.5
Median 134.97 0.64 0.87 0.82
Q3 229.42 0.95 1.72 1.76
Skewness 0.33 0.75 1.31 0.95
Kurtosis −0.85 0.06 1.26 −0.07

Table 4  Main descriptive 
statistics for the overall risk 
index

Mafia companies No Mafia 
companies

All companies

Mean 168.24 93.93 126.11
SD 81.56 41.24 72.12
Mean/SD 2.06 2.28 1.75
Min 54.91 11.5 11.5
Max 375.98 203.16 375.98
Q1 101.78 61.42 76.01
Median 160.74 84.81 110.85
Q3 203.89 122.74 160.92
Skewness 0.85 0.44 1.34
Kurtosis −0.06 −0.41 1.85
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To avoid cumbersome notation, we will refer hereafter to the x’s directly as the normalized 
variables, according to formula (3). After standardization, data range from 0 to 100 in all 
the four indexes. The overall risk index X has been calculated as unweighted sum of each 
risk component. Descriptive statistics about the overall risk index, calculated for Mafia 
companies and No Mafia ones, are shown in Table 4.

The average risk score for Mafia companies and No Mafia ones compared to the total 
mean is higher and lower respectively, supporting our expectation that Mafia compa-
nies may be considered of relatively higher risk. Reasonably, the comments made for 
descriptive statistics of the four risk components, generally also apply to the overall risk 
index distribution. It is worth noting that the total data distribution (i.e., the distribution 
of the entire set of companies) shows a more pronounced positive skewness and slightly 
leptokurtic shape, whereas the distributions of Mafia and No Mafia companies are 
mesokurtic. To validate the overall risk indicator, we have calculated the Standardized 
Cronbach’s Alpha in order to test the internal consistency of the risk items included, and 
we obtained an overall value of 0.7, which according to the general rule of thumb used 
to interpret the indicator, is the lower threshold needed to consider the overall risk indi-
cator X as a reliable measure of risk. In this respect, we have also computed the Stand-
ardized Cronbach’s Alpha to a modified version of the indicator X when, alternatively, 
one of the four financial risk ratios is set to zero in formula (1). Results are reported in 
Table 5.

Table  5 shows that the Standardized Alpha decreases in all cases and becomes less 
than 0.7 when removing single items. This represents a supporting argument for select-
ing not less than four financial risk ratios for the construction of the overall risk indicator, 
hence giving consistency to our approach of defining X in (1) as a corporate financial risk 
measure.

4.3  Methods of investigation

The basis of the analysis is the assessment of the community structure of the nodes of 
the networks Nm and Nnm . To this end, we first compute the clustering coefficient of the 
generic node i ∈ V  . According to the presented framework, we employ a weighted version 
of the clustering coefficient of i—namely, ci—introduced by Onnela et al. (2005) and given 
by

We denote by � = (c1,… , c|V|) the vector of the clustering coefficients in (4). As usual, we 
will refer to superscript m and nm to denote the clustering coefficients of the nodes of Nm 
and Nnm , respectively.

(4)c̃i =

∑
j,k∈V (w

1∕3

ij
w
1∕3

ik
w
1∕3

jk
)

(�V� − 1)(�V� − 2)
.

Table 5  Standardized Cronbach’s Alpha for the overall risk indicator X when one of the four financial risk 
ratios is set to zero in formula (1)

In the colums, the removed financial risk ratio, as expressed through its acronym for an easy interpretation

DPO TPSI FCR LTFDC

Cronbach’s Alpha 0.63 0.59 0.53 0.51
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4.3.1  Entropic comparison of the empirical distributions

We here aim at providing a comparison of the empirical distributions of the elements of �m 
and �nm.

In particular, we analyze the statistical disorder of the clustering coefficients in terms 
of Shannon entropy In so doing, we are able to assess the distance between the consid-
ered distributions and the uniform one (case of maximal entropy equals to log(|V|) ) or the 
Dirac-type distribution with probability concentrated over only one value (case of minimal 
entropy equals to zero). This information is of particular interest in our context, and we 
refer to the next section for a list and discussion of the obtained results.

Given the vector � = (c1,… , c|V|) of the clustering coefficients, we define the Shannon 
entropy of � by

Beyond the original sample of clustering coefficients, we also compute the entropy of the 
subsamples associated to low and high levels of communities. At this aim, we consider the 
order statistics of the clustering coefficients �ord = (c(1),… , c(|V|)) , which is obtained by 
permuting the indexes in order to have c(1) ≥ ⋯ ≥ c(|V|).

For the sake of simplicity and without being restrictive, we assume that ck = c(k) , for 
each k ∈ V  , so that �ord = � and one has

Consider now �, � ∈ [0, 1] . We define the vectors of the �-high and �-low communities—
and denote them by �H(�) and �L(�)—as follows:

where H(�) and L(�) are integers in {1,… , |V|} such that cH(�) is the 1 − �-th percentile 
and cL(�) is the �-th one of the distribution of the components of vector �.

In the next Section, we will compute the entropies E(�H(�)) and E(�L(�)) according to 
formula (5) and for a number of levels � and � , for both cases of Mafia and No Mafia 
networks.

4.3.2  Rank‑size analysis

The companies of the two networks are sorted in decreasing order in terms of their cluster-
ing coefficients, so that condition (6) is assumed to be satisfied. Thus, we assign rank r = 1 
to c1 and rank r = |V| to c|V| . The clustering coefficients represent the size, and each size z 
is associated to a rank r.

Then, we implement a best fit procedure for assessing the shape of the curve represent-
ing the considered sample. A visual inspection of the scatter plot for both cases of Nm and 
Nnm suggests that a simple polynomial function seems to be suitable for satisfactorily fit-
ting the data. Thus, we proceed by trying a best curve of polynomial type. In details, the 
clustering coefficient z is tried to be approximated by a polynomial type function of the 
rank. In so doing, the best fitting curve represents well an overall system which is built on 
the basis of an original sample.

(5)E(�) = −

�V��
k=1

ck∑�V�
i=1

ci

⋅ log

�
ck∑�V�
i=1

ci

�
.

(6)c1 ≥ ⋯ ≥ c|V|.

�H(�) = (c1,… , cH(�)), �L(�) = (cL(�),… , c|V|),
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In the analysis, as we will see in the next Section, we successfully try a third-degree 
polynomial function of the type

where a, b, c, d ∈ ℝ are parameters whose values have to be calibrated.
The calibrated parameters have very specific meanings, which will be useful for the 

comparison of Nm and Nnm (see the next Section for comments on this point).
The best fit procedure leads to identification to a king and vice-roys effect—as defined 

by Laherrere and Sornette (1998)—which points to the presence of a remarkable outlier 
(the king) and some others less noticeable (the vice-roys) at high ranks r = 1, 2,… , lead-
ing to a detrimental effect on the goodness of fit parameters and on the visual appeal of the 
curve when compared to the scatter plot.

(7)z = f (r) = ar3 + br2 + cr + d,

Table 6  Values of the entropies for the Mafia companies

The first column contains the considered scenarios. Second column is devoted to the computation of the 
entropies, according to formula (5). Third column lists the cardinality of the considered sample, according 
to the individual scenarios. Fourth column contains the theoretical maximum entropy levels, computed as 
ln(Sample dimension) . The ratio of the values of the entropies with the maximum possible ones are also 
reported, for an easy interpretation of the results (see the last column)

Entropy Sample dimen-
sion

Max entropy Entropy / Max entropy

all sample 4.084488475 97 4.574710979 0.89284077
� = 90 1.106502017 9 2.197224577 0.50359077
� = 80 1.85153195 18 2.890371758 0.640586092
� = 50 3.372955488 49 3.891820298 0.866678117
� = 50 0.711532987 48 3.871201011 0.183801612
� = 20 0.153286845 18 2.890371758 0.053033609
� = 10 0.039251099 9 2.197224577 0.017863945

Table 7  Values of the entropies for the No Mafia companies. For a detailed description of the content of the 
Table, please refer to the caption of Table 6

Entropy Sample dimen-
sion

Max entropy Entropy / Max entropy

all sample 1.597756233 127 4.844187086 0.329829588
� = 90 0.357298529 12 2.48490665 0.143787506
� = 80 0.627934639 24 3.17805383 0.197584645
� = 50 1.25861281 64 4.158883083 0.30263241
� = 50 0.42790869 63 4.143134726 0.103281384
� = 20 0.052829336 24 3.17805383 0.016623172
� = 10 0.007066817 12 2.48490665 0.002843896
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5  Results and discussion

This Section collects the results of the analysis and provides some related comments.

5.1  Entropy‑based analysis

We here present the analysis of the distributions of the clustering coefficients in the cases 
of Mafia and No Mafia companies.

Different scenarios are treated: the entire sample of 97 Mafia companies and 127 No 
Mafia ones, but also � = 50, 80, 90 and � = 10, 20, 50 . In so doing, we get insights on the 
left and right tails of the distributions of the clustering coefficients in terms of their dis-
tance with the cases of maximum entropy—which points to the highest level of random-
ness, represented by the uniform distribution case—and minimum entropy—which is asso-
ciated to the deterministic case of concentaration of the distribution in one value.

Tables 6 and 7 collect the outcomes of the analysis.
In the context of Mafia companies, Table 6 suggests that the distribution of the clus-

tering coefficients is particularly close to the uniform distribution when the entire sam-
ple is considered. Such an outcome gives that companies are quite scattered in terms of 
their property of connecting with the others, when connections are driven by a similarity 
in their risk profiles. Substantially, the network of Mafia companies is rather heterogene-
ous in terms of their risk profile. The situation is quite different when No Mafia companies 
are considered. Indeed, Table 7 highlights that the entropy of the all sample case is quite 
low, with a remarkable distance from the maximum possible level of entropy. This means 
that clustering coefficients are rather concentrated around some specific values, and the 
distribution of companies in terms of their risk-based community structure levels is quite 
narrow. No Mafia companies appear to be quite homogeneous, in the sense that they can be 
viewed as belonging to a unique cluster with similar interconnections structures and, thus, 
similar risk profiles characteristics.

Let us explore now the subsamples.
When dealing with the 10% of companies with highest clustering coefficient, we 

observe that in both cases of Mafia and No Mafia companies we have a decrease of the dis-
tance between the values of the entropy and the maximum one, so that the distribution of 
this subsample is quite different from the uniform one. Such a behavior is much more evi-
dent in the No Mafia case, with a value of entropy close to zero. This outcome is a further 
confirmation that Mafia companies are more scattered than No Mafia ones in terms of the 
creation of risk-based community structures, even in the case of highly community levels. 
Moreover, this finding is also confirmed when taking the 20% and 50% of companies with 
highest clustering coefficient. In particular, the values of the ratio between the entropy of 
the overall sample and the maximum possible entropy are quite close to those of the 50% 
highest subsample case. This suggests that the behavior of the overall sample in terms of 
shape of the distribution of the clustering coefficients replicates the one of its half-part sub-
sample with the highest values of the clustering coefficients.

The subsamples with lower levels of clustering coefficients are quite similar in the 
Mafia and No Mafia cases. The entropy is quite far from its maximum possible levels in 
all the cases of 10%, 20% and 50% subsamples, and such a distance decreases with respect 
to the size of the subsample. It is worth to point out that also in these cases Mafia compa-
nies are generally more scattered than the No Mafia ones. In the limit situation of the 10% 
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of companies with the lowest levels of clustering coefficients, the values of entropies are 
particularly close to zero, so that the companies with the weakest community structures 
exhibit no substantial differences in their community structure levels.
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Fig. 1  Best fit third-degree polynomial curve as in (7) of the clustering coefficients of the Mafia companies. 
To have a better visual inspection of the goodness of fit, scatter plot and calibrated curve are juxtapposed. 
On the x-axis we have the ranks, while on the y-axis the size in terms of clustering coefficient. The best fit 
parameters and the calibrated parameters can be found in Table 8
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Fig. 2  Best fit third-degree polynomial curve as in (7) of the clustering coefficients of the No Mafia compa-
nies. For details, see the caption of Fig. 1. Best fit and calibrated parameters are in Table 9

Table 8  Calibrated parameters of 
the rank-size function in (7) for 
the case of Mafia companies

In the brackets, the confidence bounds at 95%. The goodness of fit 
parameters SSE, R-square and RMSE are also presented

a −1.251e−09 (−1.521e−09, −9.816e−10)
b 2.419e-07 (2.017e−07, 2.821e-07)
c −1.574e−05 (−1.744e−05, −1.404e−05)
d 0.000377 (0.0003576, 0.0003963)
SSE 4.934e−08
R-square 0.9422
RMSE 2.303e−05
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Table 9  Calibrated parameters of 
the rank-size function in (7) for 
the case of No Mafia companies

For the details on the content of the Table, please read the caption of 
Table 8

a −6.564e−11 (−7.345e−11, −5.783e−11)
b 1.474e−08 (1.322e−08, 1.626e−08)
c −1.271e−06 (−1.355e−06, −1.187e−06)
d 5.416e−05 (5.291e−05, 5.54e−05)
SSE 3.639e−10
R-square 0.9841
RMSE 1.72e−06
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Fig. 3  Best fit third-degree polynomial curve as in (7) of the clustering coefficients of the Mafia companies 
when one king and four vice-roys are removed from the sample. The related best fit and calibrated param-
eters are presented in Table 10
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Fig. 4  Best fit third-degree polynomial curve as in (7) of the clustering coefficients of the No Mafia compa-
nies when one king and two vice-roys are removed from the sample. Best fit and calibrated parameters are 
given in Table 11
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5.2  Rank‑size analysis

The best fit curves procedures here proposed have been implemented through the Matlab 
software, by using the cftool toolkit and—according to equation (7)—by selecting a poly-
nomial law of degree three.

We present in Figs. 1 and 2 the best fit curves juxtapposed to the scatter plot of the 
real data, for a better visualization of the final outcomes, in the cases of Mafia and No 
Mafia companies. Tables  8 and 9 contain the calibrated parameters, along with the 
goodness of fit R2 , in both of the considered cases.

In both of cases of Mafia and No Mafia companies we observe rather satisfactory 
goodness of fit parameters (see Tables 8 and 9, the last three rows). However, the visual 
inspection of how the calibrated curves offer a good representation of the scatter plots 
suggests the presence of five outliers at high ranks (one king and four vice-roys) for 
the Mafia companies and three outliers (one king and two vice-roys) for the No Mafia 
ones. The removal of the king and vice-roys from the samples leads to more satisfac-
tory visual appeal of the best fit curve, and also an improvement of the goodness of fit 
parameters—being such an improvement more evident for the Mafia companies. See 
Figs. 3 and 4 and the corresponding Tables 10 and 11 for the Mafia companies and No 
Mafia ones cases, respectively.

As a general comment, we can argue that the considered samples of companies can be 
well-represented through unified curves when dealing with their community structures in 
terms of closeness of the risk profiles. This outcome can be associated to the possibility 
of moving from a scatter plot of observations at microscopic level to a best fitting curve at 
a more systemic level. Substantially, companies are able to generate a system, so that one 
can theoretically identify the value of the clustering coefficients of a hypothetical company 

Table 10  Calibrated parameters, 
confidence bounds at 95% and 
goodness of fit parameters of the 
rank-size function in (7) for the 
case of Mafia companies and 
when one king and four vice-roys 
are removed from the sample

For the details on the content of the Table, please read the caption of 
Table 8

a −5.126e–10 (−6.391e–10, −3.86e–10)
b 1.083e–07 (9.036e–08, 1.262e–07)
c −8.268e–06 (−8.987e–06, −7.549e–06)
d 0.0002448 (0.0002371, 0.0002526)
SSE 7.1e–09
R-square 0.9807
RMSE 8.982e–06

Table 11  Calibrated parameters, 
confidence bounds at 95% and 
goodness of fit parameters of the 
rank-size function in (7) for the 
case of No Mafia companies and 
when one king and two vice-roys 
are removed from the sample

For the details on the content of the Table, please read the caption of 
Table 8

a −5.667e–11 (−6.405e–11, −4.93e–11)
b 1.225e-08 (1.084e–08, 1.365e–08)
c −1.068e–06 (−1.143e–06, −9.921e–07)
d 4.858e–05 (4.749e–05, 4.968e–05)
SSE 2.676e–10
R-square 0.9857
RMSE 1.493e–06
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which is inserted in the sample with a specific rank. The presence of outliers at high ranks 
lets this procedure be less powerful, in that king and vice-roys effects are able to drive the 
best fit procedures towards curves with higher average distances from the observed sam-
ples. In this respect, the removal of the outliers is able to offer more convincing results 
under a statistical point of view.

Further insights on the intepretation of the results can be derived by understanding 
the meaning of the parameters a, b, c, d in formula (7). In this respect, the value of d 
represents the intercept of the curve with the y-axis. Therefore, the size of the cluster-
ing coefficient of the network at the highest rank – more specifically, at the hypothetical 
rank r = 0—increases as the value of d increases. The value of c describes the slope of 
the straight line which is tangent at the curve at the highest rank r = 0 . Hence, such a 
value gives insights on the relationships between companies at high consecutive ranks. 
By construction we have c < 0 , and the distance between the sizes at ranks 1 and 2 
increases as the absolute value of c increases. For the parameters a and b, we find con-
venient to discuss the ratio −b∕3a . Indeed, we have a change of shape of the curve from 
convexity to concavity at r = −b∕3a . A high value of −b∕3a is associated to a low rank 
when passing from large differences between consecutively ranked companies in terms 
of community structures associated to risk profiles—convex behavior of the curve—to 
small differences between them. More insights can be derived by analyzing the ratio 
between the change point of the shape of the curve and the cardinality of the considered 
sample. Please, refer to Table 12 for the analysis of this aspect.

Tables 8, 9, 10 and 11 offer a clear view of the results best fit exercises, which can be 
intepreted in the context of Mafia and No Mafia companies.

As intuition suggests, the value of d is higher when king and vice-roys are not 
removed, in both of cases of Mafia and No Mafia companies. However, the ones of 
Mafia companies are much higher than those of the No Mafia ones. Such an outcome 
points to attention the much higher community structures in terms of closeness of risk 
profiles in the Mafia case than in the No Mafia one, when highest ranks are considered. 
The absolute value of c is remarkably higher for the case of Mafia rather than in the 
No Mafia one—more than ten times more in presence of king and vice-roys and about 
eight times more otherwise. This outcome suggests that the highest ranked companies 
have a much higher distance in the case of Mafia than in the No Mafia one. A joint 
analysis of c and d offers a view of the Mafia companies much more scattered than the 
No Mafia ones in corrispondence of the nodes with the highest levels of community 
structures. The ratio between −b∕3a and the dimension of the considered sample gives 

Table 12  Value of the calibrated −b∕3a in the four cases of Mafia and No Mafia companies, for the full 
sample and when king and vice-roys are removed

The ratio between −b∕3a and the dimension of the considered sample is also included, for an easy interpre-
tation of these results

Mafia No Mafia Mafia (no king and 
vice-roys)

No Mafia (no 
king and vice-
roys)

−b∕3a 64.46 74.85 70.43 72.05
Sample dimension 97 127 92 124
(−b∕3a ) / Sample dimension 0.66 0.59 0.77 0.58
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that companies tend to become more heterogeneous for lower values of the ranks—with 
a concave shape of the curve—in the Mafia case than in the No Mafia one. Morevover, 
there is not a substantial difference in the No Mafia case when king and vice-roys are 
removed or not, while Mafia companies tend to be more heterogeneous at very low lev-
els of the ranks when king and vice-roys are removed. This finding is a further support 
of the more prominent differences—to be intended in terms of clustering associated to 
the common risk profiles—between Mafia companies than No Mafia ones, mainly when 
high levels of community structures are explored.

The results suggest that, under some conditions, Mafia companies hold a risk profile 
remarkably higher than No Mafia ones, which undoubtedly can provide a significant alert 
for the players directly involved in the operating activities of the companies, as well as for 
the whole economic and social communities that Mafia companies belong to. Anyway, the 
level of heterogeneity among Mafia companies may be interpreted as a further evidence 
for the existence of companies of different kind, holding different characteristics; as a con-
sequence, this produces a remarkable variability in their risk profiles. Conversely, all No 
Mafia companies are reasonably expected to be managed in the pursue of improvements 
in their economic and financial performance, which may tend to produce a larger extent of 
homogeneity. A deeper analysis—with refined clustering procedures – could be an interest-
ing development of the rank-size analysis for providing additional insights about the multi-
ple types of Mafia companies.

6  Conclusions

This paper provides an evaluation of the companies pubicly registered as Mafia ones, with 
a specific focus on the distribution of their financial risk profiles. More than this, it dis-
cusses the communities that companies implicitly form when they have similar financial 
risk profiles of high entity.

At this aim, we present the statistical comparison between Mafia companies with No 
Mafia ones in a complex network framework. The weights of the arcs of the networks are 
defined by introducing an overall risk indicator, which synthesizes the financial risk ratios 
of the individual companies. Communities are suitably measured through the computation 
of the clustering coefficients at nodes level. The analysis is carried out under two different 
perspectives: by one side, we implement a rank-size best fit procedure; by the other side, 
we provide an entropy-based discussion of the distribution of the clustering coefficients.

Empirical experiments are grounded on a high level dataset of Italian companies, which 
can be effectively clustered into the Mafia and No Mafia groups.

Results show that Mafia companies have higher financial risk profiles and are more 
heterogeneous than the No Mafia ones, mainly at high risk level. Therefore, the research 
hypothesis H1 is confirmed to be satisfied. We can say more than this. Indeed, the rank-
size analysis highlights that the observed set of companies form two universal systems, 
whose usefulness in describing the risk-based properties of the overall environment is 
clear. In this respect, the detection of remarkable outliers at high levels of nodes clustering 
coefficients—more evident in the network of Mafia companies—points to the presence of 
distortion factors for the best fit procedure.

The paper provides several contributes to the literature as well as some practical 
implications.
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On the practical side, the proposed methodology can be used by banks and financial 
institutions as well as by regional or local authorities, in order to monitor companies’ risk 
profiles and get relevant information—not only under the perspective of detection of Mafia 
companies. Indeed, the methodology could be adopted, as an example, by clustering com-
panies by industry and define suitable supporting initiatives. In the field of study of crimi-
nal organizations, the results provide further evidences to extant literature (Ravenda et al. 
2015a, b; Fabrizi et al. 2017) about the commonalities that may differentiate Mafia and No 
Mafia Companies under a risk perspective. A further development could take into consid-
eration a refinement of Mafia company clustering, based on the different types of Mafia 
companies, which could provide a more comprehensive description of the differences in 
the associated risk profiles. By the way, analyzing in depth the different subcategories 
might provide room for the construction of more accurate risk profile indexes, includ-
ing profitability measures as well as other kinds of financial ratios where suitable. In this 
respect, we also point out that the cardinality of the considered sample is not large enough 
to allow exploration at a regional level—which is undoubtedly interesting. Specifically, a 
regional analysis of the Italian companies requires more data and/or the employment of dif-
ferent investigation methodologies.

Under a purely methodological perspective, the paper aims to widen the adoption of a 
complex network approach to new real world phenomenon conditioned by relevant ambi-
guity and complexity, then extending previous contributions of Cinelli et al. (2016, 2017, 
2020); Cerqueti et al. (2018); D’Arcangelis et al. (2020), only to name a few. In this respect, 
this paper can be extended in several directions. Indeed, starting from the proposed statisti-
cal-methodological framework, we are able to detect the presence of more prominent com-
panies and derive, accordingly, the topological structure of the networks. Moreover, the 
exploration of the assortativity property of the networks (Arcagni et al. 2017) can provide 
further details on the way in which companies are linked, on the basis of their financial risk 
profile. We leave all these challenging explorations to future research.

In a more general framework, we can identify other patterns of research directions. 
On one side, one can explore the performance-related to takeovers related mafia-related 
companies in all the available cases of Mafia/No Mafia company takeover Mafia/No Mafia 
company. On the other side, it might be interesting to compare Mafia companies to other 
Organized Crime types in different regional realities, like the Keiretsu companies in Japan. 
In doing so, one needs to perform a deep preliminary exploration of the related business 
activities’ similarities.
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