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We apply social network analysis to study tie formation among a large group of members of the Sicilian
Mafia, one of the oldest criminal organizations, operating in the province of Palermo. Data come from the
police operation denoted “Perseo", which led to the arrest of 99 individuals active in the period 2006-2008.
Specifically, we focus on the effect of hierarchical structure, task specialization patterns, and geographical
organization on the probability of tie formation by estimating dyadic regressions. We find: First, if both agents
in a dyad are bosses, two effects of opposite sign are at work: a scale effect, that increases the probability,
and a homophily effect, that decreases such probability. Second, organizational task homophily positively
affects tie formation, while criminal task homophily does not. Third, the key geographical variable driving
tie formation is joint membership to the same mandamento, which makes sheer geographical distance non-
statistically significant. We corroborate our results with several robustness tests and discuss their implications

for an understanding of criminal organizations, such as the Cosa Nostra.

1. Introduction

How do Mafias organize? Do they possess a hierarchical or a hor-
izontal structure? Do they feature an internal division of labor? How
do they relate to the territory they wish to control? Answering these
questions is of paramount importance given the harm that such orga-
nizations impose on societies across the world and the need for law
enforcement agencies to devise appropriate counter policies.

The Sicilian Mafia, known as the Cosa Nostra, is one of the most
ancient and long-standing criminal organizations (Dickie, 2004) and
has attracted the interest of scholars from various fields. Cosa Nostra
has been described as an organization providing protection (Gambetta,
1993), characterized by strong bonds among its members, a specific
internal structure and initiation rituals, deeply embedded in the social
and economic fabric (Paoli, 2003). Specifically, its internal structure,
the main focus of this article, is characterized by size, hierarchy, terri-
torial subdivision, penetration of markets, and also reflects defensive
strategies against the authorities (Catino, 2019). Such organization,

albeit originated in the distant past, still exerts several negative eco-
nomic and political effects (Acemoglu et al., 2020). Given its burden
on socio-economic development, in some cases the civil society mo-
bilized against the Mafia by promoting values such as dignity and
legality (Vaccaro and Palazzo, 2015).

The Cosa Nostra structure can be represented as vertical, with well-
defined ties among members belonging to different hierarchical levels,
mostly reflecting the territorial subdivision into areas (“mandamenti”)
under the control of one or more families (Catino, 2019). Yet, we know
that ties among Mafia members not always reflect the formal roles
within the organization, and can depend on the centrality status of the
individuals (Krajewski et al., 2022), or on the patterns of their criminal
specialization (Tumminello et al., 2021).

It is therefore important to explore in more detail the process of
tie formation in the network structure of a criminal organization, in
particular within the Cosa Nostra, as studies of this sort are still lacking.
This article tackles the question of tie formation within the Cosa Nostra
by leveraging information on a large group of mafiosi operating in
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the province of Palermo, recently apprehended under the Operazione
Perseo. The key individual features we consider as predictors of a tie
among any two individuals are their hierarchical position, their task
within the organization, and their geographical position.

In fact, even though previous works focused on hierarchy, tasks and
space as key determinants of the structure of the Cosa Nostra, no study
so far has provided a detailed analysis of their effect on tie formation
as we do in this article. In particular, currently we have no compelling
evidence on how the hierarchical structure of the Sicilian Mafia affects
tie formation among its members. In addition, we propose a novel
classification of the tasks within a criminal organization, distinguishing
between organizational and criminal tasks, that allows to shed light
on the role of task specialization on tie formation. Finally, although
the role of geography is well-understood as a key determinant of
the network structure of the Cosa Nostra (Tumminello et al., 2021),
no compelling evidence exists on the effect on tie formation of the
interaction of pure geographical distance among its members and the
subdivision of the territory into mandamenti.

Our main results are as follows. First, as it comes to hierarchy, two
effects of opposite sign are at work: a scale effect, which has a positive
effect on the probability of a tie, and a homophily effect, which reduces
the probability of a tie. Second, task specialization affects the probabil-
ity of link formation. In particular, the higher the number of common
organizational tasks, the higher the probability of a tie. However, this
effect is not found for criminal tasks. In other words, task homophily
predicts ties in the case of organizational tasks, but not criminal tasks.
Third, joint membership in the same mandamento significantly predicts
tie formation. This emerges as the relevant geographical variable with
respect to pure geographical distance between agents. These results
hold even after performing several robustness tests.

The remainder of this article is organized as follows. In Section 2,
we discuss the related literature and specify our research questions. In
Section 3, we describe the dataset. Section 4 describes our empirical
methodology, while Section 5 presents the main results. Section 6 dis-
cusses the results and highlights some limitations of the present study.
Finally, Appendix B provides details on the criteria used to reconstruct
the network, and Appendix C presents the results of robustness tests.

2. Background literature and the research questions

Some organizational features of the Sicilian Mafia are well known
and have been analyzed in the literature. Specifically, Cosa Nostra has a
hierarchical organization, where the lowest level is represented by sol-
dati (“soldiers”), headed by a capo-decina (“head of ten”) (Catino, 2019,
pp. 153-159). Soldiers belong to families, each controlled by a family
leader. Three or more families oversee a mandamento, a territorial
unit (Paoli, 2003, p. 45): the city of Palermo is currently divided into
eight mandamenti (Ministero dell’Interno, 2016). A mandamento is led
by a capo mandamento, who sits in the Commissione Provinciale (“Provin-
cial Commission”). At the top is the cupola, comprising all provincial
representatives, which directs the entire organization (Catino, 2019,
p- 157) and makes critical decisions, such as the assassination of
high-profile figures like magistrates or politicians.

The highest levels of the Sicilian Mafia have been dismantled by
police operations, but evidence from the Perseo operation suggests
recent attempts to rebuild higher-level bodies, such as the Provincial
Commission of Palermo (Catino, 2019, p. 158). In addition, Cosa Nos-
tra is involved in several illegal activities, like imposing extortion,
interfering with the adjudication of public works, or drug trafficking
(see, for example, Lavezzi, 2014, and references therein), and some
form of specialization exists within the criminal organization (Paoli,
2004, p. 146). In this section we review the literature analyzing these
organizational characteristics from the perspective of network analysis
and specify our research questions, starting from the role of hierarchy.

214

Social Networks 82 (2025) 213-228

A large Cosa Nostra network operating in northeastern Sicily has
been characterized by different types of networks: one based on wire-
tapped conversations, and another based on different sources of in-
formation: court documents, witness declarations, bank transactions,
documented meetings, and co-offenses (Agreste et al., 2016). The topo-
logical properties of the two networks are remarkably different, im-
plying different levels of resilience to simulated attacks by authorities.
In this group bosses do not have high centrality in the network, and
the co-offense network is denser, as “activities like drug trafficking or
gambling encourage mobsters to organize into gangs and coordinate
their actions” (Agreste et al., 2016, p. 42).

A high hierarchical position does not necessarily imply high central-
ity in the network also in the Italian 'Ndrangheta, likely due to efforts
to shield bosses from the risk of detection (Calderoni, 2012; Calderoni
and Superchi, 2019; Grassi et al., 2019). In the case of the American
Mafia, having a similar degree centrality increases the probability that
two agents are linked, supporting the hypothesis that the structure of
communication within the network is more horizontal than the formal
roles suggests (Krajewski et al., 2022). In non-mafia criminal groups in
Canada, leadership roles increase the probability of forming a tie in a
dyad (Coutinho et al., 2020).

Overall, currently we have no compelling evidence on how the
hierarchical structure of the Sicilian Mafia affects tie formation among
its members. Here, we exploit one feature of our dataset, i.e. the
dichotomic information of whether an individual has a directive role in
the organization, or if he is a “boss”, to formulate the following novel
research question:

RQ1 If both agents in a dyad are bosses, does this increase the proba-
bility of a tie between them with respect to other possible dyad
configurations based on hierarchy?

This information is relevant for evaluating a key feature of the
network’s communication structure, and can contribute to research
on the efficiency/security trade-off in criminal organizations (Morselli
et al., 2007). On the one hand, the pure hierarchical model, such as
in Catino (2019, p. 155), suggests that bosses should mostly communi-
cate with subordinates or superiors. In addition, it can be conjectured
that bosses refrain from communicating with each other, as this may
expose the organization to serious risks. In fact, a “boss” likely holds
important information on the organization, as in legitimate organiza-
tions (Seibert et al., 2001, p. 224). Then, communicating with another
boss may increase the risk of detection and consequent disclosure of
relevant information because if a member of the organization commu-
nicates with another, the former has information on the latter (Baccara
and Bar-Isaac, 2008). On the other hand, to efficiently undertake
the day-by-day activities of Cosa Nostra, such as extortion, solving
controversies, or providing various forms of protection (Gambetta,
1993), bosses must communicate exactly because they possess relevant
information (Catino, 2019, pp. 146-148). Determining which of these
two effects prevails is an empirical question, which we address here.

Several studies have addressed the issue of task specialization within
criminal organizations and its effect on tie formation. Bright et al.
(2019) briefly survey the literature on task specialization within illicit
networks and note that “[i]ndividuals who play particular roles may
have different tendencies to connect with others, ...in terms of ...
the particular roles with whom they tend to make connections”. For
example, individuals with specialized tasks (e.g., in the drug trade) may
be more likely to connect with agents with different tasks that are close
in the production chain.

However, task specialization has received little attention in the
literature on the Sicilian Mafia. Further, no study (on the Sicilian Mafia
or else) has considered the classification between organizational and
criminal tasks, as we do here. For example, a study on Operation Mon-
tagna, which disrupted a Cosa Nostra group operating in the province
of Messina in 2007, assumed that hierarchical positions are proxies
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for agents’ specialized skills (denoted as human capital), conflating the
two concepts (Cavallaro et al., 2020), while in the case of Canadian
organized criminals, organizational activity was defined by agents’
affiliation to more criminal groups (Coutinho et al., 2020, p. 64).

Evidence from a large dataset on recent investigations in the
Palermo area suggests that mafia syndicates (subunits within a manda-
mento) are weakly characterized by crime specialization (Tumminello
et al., 2021). Crime specialization, in particular, occurs at the individ-
ual level within a syndicate, as mafia members commit more crimes
of the same type in their criminal career. In the case of the American
mafia, considering the number of “industries” in which a criminal is
involved (both criminal activities such as drug trade or gambling, and
legitimate businesses such as restaurants) reveals “a slight tendency
toward generalism than specialization among mafiosi” (Krajewski et al.,
2022, p. 132) and that the effect of task similarity is a non-significant
predictor of link formation. This suggests that: “tie formation did
not depend heavily on shared specialization in particular criminal
industries, which fits with the broader image of the mafioso as a
generalist ‘entrepreneur’ who could move among numerous different
criminal industries over the course of a criminal career” (Krajewski
et al., 2022, p. 134). In the case of criminal groups in the UK,
differently, “individuals who carry out the same task tend to be part
of the same group, yet only for some tasks. The effect is strongest for
drug-related and violent activities, and weakest for money laundering
and other illegal trading activities ... Thus, task homophily — or task
coordination — within [organized crime groups] depends on the activity
performed” (Campana and Varese, 2022a, p. 16).

Our classification of organizational and criminal tasks in the study
of link formation allows to formulate the following research question:

RQ2 Within the Palermo mafia, do agents with similar specializations
have a higher probability of having ties? Does performing an
organizational or a criminal task make a difference?

Answering these questions empirically can be relevant as, theo-
retically, agents with similar specialization may be connected and
communicate for some reasons. For example, they may wish to enhance
the productivity of the organization by pooling common information
and coordinate accordingly. Furthermore, agents with different special-
ization may also have reasons to be connected, as they may form “pro-
duction chains” based on the division of labor (see, e.g., Neffke, 2019,
for an overview of task complementarity in legitimate businesses).

Finally, we analyze the role of geographical space in influencing
tie formation. Space is a key factor in studies of crime; for instance,
proximity to other criminals can increase an individual’s likelihood to
commit crimes (Zenou, 2003), and cities can feature the presence of
“crime hotspots” (Braga and Weisburd, 2010). For organized crime,
space matters to street gangs which seek to control neighborhoods,
often leading to conflicts with other gangs (see Tita and Radil, 2011, Pa-
pachristos et al., 2013 and Coutinho et al., 2020, p. 59, for more
details). Additionally, spatial social networks theory suggests that the
probability of a tie between two individuals decreases with geographi-
cal distance (see, for instance, Small and Adler, 2019, for an exhaustive
survey of the literature, Daraganova et al., 2012 and Hipp et al., 2012).

In the case of the Sicilian Mafia, geographical space is a crucial
and distinguishable feature of Cosa Nostra, which aims to control
the territory by providing extra-legal governance (Gambetta, 1993;
Varese, 2010). This has historically implied a rigid subdivision of turf
into mandamenti, over which different families exert their power, a
feature strictly related to the hierarchical organization of the organi-
zation (Catino, 2019). Indeed, Cosa Nostra syndicates have a strong
territorial characterization, as syndicate members tend to be geograph-
ically close, that is, share the same postal code (Tumminello et al.,
2021). Our analysis, however, has a distinguishing feature from Tum-
minello et al. (2021). For each agent in the network, in fact, we
consider two pieces of information: his exact geo-localization in the
geographical space and his mandamento affiliation. This allows us to
formulate the following research question:
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RQ3 How do geographical space and mandamento affiliation affect tie
formation?

If mandamento affiliation is a key explanatory variable of tie for-
mation, its interplay with pure geographical proximity has not been
investigated in the literature. Next, we describe our dataset, its sources,
advantages, and limitations.

3. Data

Data come from judicial evidence on Operazione Perseo, a police
operation that took place in December 2008 to disrupt a large Cosa
Nostra group active in the city and province of Palermo. The operation
covered a two-year period from late 2006 to 2008 and resulted in the
arrest of 99 people. Operazione Perseo is an interesting case because,
on the one hand, the dismantled organization was trying to re-build
the Provincial Commission of Cosa Nostra, involving relevant mafiosi
at different hierarchical levels. On the other hand, the operation hit
almost all mandamenti in the Palermo area, offering an ideal picture
for investigating the spatial embedment of Cosa Nostra in the territory.

The document for constructing the dataset is the fermo di indiziati
di delitto, disciplined by Art. 384 of the Italian penal code. The fermo
represents the arrest warrant and is issued by magistrates to support
the arrest of individuals under investigation. Among all acts, papers,
media, and documents from a trial, the arrest warrant is preferred for
the amount and quality of information it contains (Musotto, 2021).
Fermo is the first act in Italian criminal procedure law that discloses
the entire investigation and, most of the time, the last document of
every investigation, implying the notification of its end.

The key aspect of an arrest warrant is that the public prosecutor is
legally required to present all evidence, both for and against the person
under investigation, at the pre-trial stage. Technically, the prosecutor
does not have any real power to select proofs at this stage yet, but this
power will come once the prosecutor’s brief will be created and the
trial is underway. The only evidence the prosecutor can discard is the
blatantly redundant one (e.g., two identical wiretaps of the same meet-
ing) or not relevant for the specific investigation (i.e., evidence from
the suspect while not engaged in suspicious or criminal activity). As
pointed out by Berlusconi (2013), electronic communication transcripts
are selected because of the volume of the material collected. However,
this selection does not entitle the prosecutor to remove or withhold
evidence. After arrest warrants are issued, prosecutors create their own
briefs with selected elements from the warrant to support the creation
of evidence at trial.

For this study, the arrest warrant is the best document that can be
employed to reconstruct the network of connections am ong members
of the criminal group compared to other possible reconstructions of the
network obtained from other court documents (Berlusconi et al., 2016).
A sentence, for example, is less useful, as the evidence presented has
already been filtered through the judicial process (Berlusconi, 2013).
From a network analysis perspective, all observable information about
connections among individuals is gathered with the help of wiretap
records, audio and video collections, and so on. This minimizes bias
from missing data and self-selection considering that, obviously, a pure
representative sample of the network could hardly be obtained; that
is, the complete set of nodes of the network and their connections is
simply not observable, given the illegal nature of the organization and
the obligation to secrecy (Gambetta, 1993, p. 121). Other studies that
utilized the arrest warrant as a starting point for social network analysis
are, e.g., Scaglione (2011) and Campana and Varese (2012).

The main limitations of using an arrest warrant are as follows:
First, it does not undergo the validation process that occurs at a later
stage of the trial. Arrest warrants also risk focusing on de minimis
elements of the investigation. For example, once the minimal elements
of culpability seem to be satisfied during an investigation, prosecu-
tors may not have an incentive to collect additional elements to the
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investigation. In addition, although information from arrest warrants
is abundant, the precise boundaries of social networks might not be
completely identified. In the specific case of Operazione Perseo, even
if there might not be omissions in the data, the investigation focused
only on one part of the mafia: in or around the area of Palermo. For
example, it is not possible to claim that all members of the area were
apprehended. Furthermore, all relational ties outside this geographical
area are partially excluded from the analysis. For instance, in the arrest
warrant there are constant references to the major boss of Cosa Nostra,
Matteo Messina Denaro, arrested near Trapani on January 16, 2023,
but the links between the mafia networks in Palermo and Trapani are
treated as if they were outside the relevant network.

The network dataset was built through a complete analysis of
judicial text. All personal and sensitive information is not reported to
protect the privacy of anyone involved in the investigation. In particu-
lar, the agents are identified using random numbers. The network is
a collection of nodes and ties extracted from an arrest warrant. We
considered the 99 individuals arrested as nodes of the network. Other
73 people appeared in the investigation and were linked to the 99
arrested people. However, since the information in the arrest warrant is
detailed only for the agents that were arrested (including the residential
location, or mandamento affiliation, among others), the analysis is
based on the group of 99 agents. We excluded two individuals for
whom we did not find clear evidence of links with others; thus, the
final network comprised 97 agents. For simplicity, the network of 97
agents is denoted as the Perseo network hereafter.

For each agent we collected information, as identified by the prose-
cutors, on name and gender (the set of 97 agents in the Perseo network,
however, included only males); place and date of birth; residential
location (city and address); mandamento affiliation; the indication on
whether, according to the investigators, the agent had a directive role
in the organization, i.e. he was a boss; and the agent’s tasks in the
organization.

The initial section of the arrest warrant (capi d’imputazione) iden-
tifies eight different tasks (most agents were associated with more
than one task). We coded tasks as follows: Linking, if the agent was
generically responsible of keeping connections with other mafiosi;
LinkingOut, if the agent was in charge of keeping connections with
mafiosi from other mandamenti; Meeting, if the agent was supposed of
attending meetings with other members of the organization in person;
PubProc, if the agent was involved in interfering with the adjudication
of public works through public procurement; Pizzo, if the agent was
in charge of collecting protection money (denoted as pizzo in Sicilian);
Guns, if the agent had the task of smuggling arms; Drugs, if the agent
had the task of drug production and smuggling; and Host, if the agent
provided accommodation to other members (this task was indicated as
the sole task for one agent so we excluded it from the analysis). Table
4 in Appendix A reports the pairwise correlations between individual
tasks and the position of boss.

We propose the following task classification: First, we classify Link-
ing, LinkingOut, Meeting, and PubProc as organizational tasks, as they
refer to keeping contacts and arrange communication within and across
mandamenti, to attend meetings, where discussions take place and
decisions are made, and to deal with the adjudication of public works,
which is a typical activity of the Sicilian Mafia aimed at grabbing public
funds by threatening and corrupting politicians and public officers.
Meanwhile, we classify Pizzo, Guns, and Drugs as criminal tasks, as
they explicitly refer to crimes. Strictly speaking, interfering with public
work tenders can imply some crimes like “turbativa d’asta” (art. 353,
Italian Penal Code), or the disturbance of a public auction. However,
this task implies: “[speaking] with politics, finance and white-collar
workers, in the management of public spending and large contracts,
for the acquisition of bribes on the implementation of major public
works ... Th[is] control system ... also includes the execution phase of
the works” (Tumminello et al., 2021, p. 38). As such, we consider this
task more similar to an organizational task.
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The identification of ties among the network nodes is based on
every piece of information in the arrest warrant regarding the connec-
tions between any two agents. This resulted in the collection of 1410
pieces of evidence (episodes, for short). Unfortunately, insufficient
information was available to establish the direction and intensity of
the documented connections; therefore, all the identified ties were
considered undirected and unweighted.

We assumed that a tie exists between two agents if at least one
of the following conditions is fulfilled: (i) The prosecutors report it in
the capi d’imputazione section. There are two types of such intelligence-
based ties (denoted as generic ties): in some cases, the precise identity
of the agents in the tie is indicated, we denote these as genericl ties.
genericl ties are identified exactly as in Mastrobuoni and Patacchini
(2012) and Krajewski et al. (2022), which utilize a declassified dossier
on investigations carried out by the National Bureau of Narcotics as a
source of data on connections in the American mafia. In other cases,
the identity of one agent in the tie and the mandamento of his contacts
is specified (we denote these as genericO ties). (ii) Evidence of a
connection exists between them, such as a wire-tapped conversation,
a mention in a recorded conversation, or in another part of the arrest
warrant. These ties are denoted as single ties. (iii) A direct (first-degree)
or indirect (second-degree) family tie exists and is documented. These
ties are denoted as family ties. (iv) The agents attended a meeting
together, documented in the arrest warrant. These ties are referred to
as meeting ties (Appendix B contains details of the breakdown of 1410
episodes across these criteria).

Using intelligence-based information for establishing a tie between
any two agents (condition (i) above) is consistent with other studies on
criminal networks, such as Bright et al. (2015), Coutinho et al. (2020)
and Campana and Varese (2022a), who write: “[w]e go beyond co-
arrest data when building our co-membership network, using instead
the police’s value judgement, which in turn is based on a variety
of sources, including police encounters, confidential intelligence and
members’ self-identification” (Campana and Varese, 2022a, p. 11) (for
further details, see Campana and Varese, 2022b). In our case, this is
supplemented with additional information on conversations, meetings,
family ties, etc. As Bright et al. (2019, p. 244) point out: “[t]ies between
actors were considered present if there was any information in files that
the two actors communicated with each other, had met each other, or
had exchanged goods or information. This included direct evidence ...
or indirect evidence. We consider ties as being states rather than events”
(our italics).

This approach allows us to reduce the bias in the identification of
links among network nodes. A large part of the literature on organized
crime networks relies only on information on wiretap data (e.g., Varese,
2012b, Campana and Varese, 2012 and Berlusconi, 2013). However, as
pointed out by Berlusconi (2013), the amount of information in court
documents on wiretap data can vary; further, in the arrest warrant, it
is typically lower than in the original set of wiretapped conversations.
In addition, as noted by Agreste et al. (2015, p. 40), individuals at the
highest ranks in the organization - that is, bosses — refrain from using
the telephone. For example, Bernardo Provenzano, the last “boss of the
bosses” before Matteo Messina Denaro, was arrested in 2006 in a small
country house not far from his hometown, Corleone. Provenzano com-
municated through small paper notes (“pizzini”). This communication
technique, coupled with diffuse omerta surrounding him, contributed
to letting him escape police investigations for nearly 40 years (for a
concise account of Bernardo Provenzano’s arrest, see Butler, 2007).
This can obviously raise concerns about missing data on both nodes
and links of the networks when the links are identified by wiretap data
only. Using our strategy, this problem can be attenuated by exploiting
all sources of information on ties in the arrest warrant.

However, our definition of ties has several limitations. Specifically,
the capi d’imputazione section of the arrest warrant contains pieces
of information like the following: “agent 158 had frequent meetings
with agents 149 and 26” or “agent 141 kept contacts with members
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Table 1

Descriptive statistics of the perseo network.
Network statistic Value
No. of nodes 97
No. of links 470
Density 0.10
Clustering coefficient 0.41
Diameter 5
Average path length 2.65
Assortativity -0.25

of the mandamento Z.” From this information, we first assume that
a tie exists between agent 158, and agents 149 and 26, as they are
correctly identified, and denote these links as genericl ties. In addition,
we assume that a link exists between agent 141 and all members of
mandamento Z in the Perseo network, denoting these links as genericO
ties. The utilization of genericO ties to reconstruct the network can be
justified as follows.

On the one hand, such information on the links between an agent
and the members of a mandamento (mostly a different one from
that of the agent’s, and in few cases, the same; see Appendix B.1)
is of high quality as the prosecutors themselves claim that these ties
exist. Moreover, genericO ties provide key information on connections
across mandamenti, an important but unexplored issue in Cosa Nostra’s
network analysis. In fact, the mafiosi arrested during Operazione Perseo
were trying to rebuild the Provincial Commission of Cosa Nostra and
were indeed arrested together; thus, connections across mandamenti
must have been in place. Therefore, we believe that this informa-
tion should be considered. On the other hand, for a given agent, the
document does not report the exact identification of which members
of a certain mandamento in the Perseo network were connected to
him. Therefore, our choice implies the risk of attributing spurious ties.
To consider this tradeoff, we chose to assume in the main empirical
analysis that an agent for whom such links are mentioned has ties
with all members of a mandamento in the Perseo network. However,
to address the risk of introducing biases into our analysis using this
procedure, we provide two types of robustness tests. First, in the spirit
of Borgatti et al. (2006), we run simulations in which genericO ties
from an agent are not allocated to all members, but are randomly
allocated to 90% and 80% of the members of a certain mandamento
(see Appendix C.2). As a second robustness test, we re-estimate our
preferred specification by adding a dummy variable on the ties of the
agents with the largest degree in terms of genericO links (see Appendix
B.1). In both cases, the main econometric results are not significantly
affected.

Table 1 summarizes the network statistics for the Perseo network
(see Jackson, 2008, for the definitions).

The density, diameter, and average path length are in line with the
results of Agreste et al. (2016) on the Sicilian Mafia for a network based
on phone calls, while the clustering coefficient is somewhat lower. To
the best of our knowledge, no results are available for the assortativity
index in the case of the Sicilian Mafia. In our case, a negative value
indicates the tendency of nodes with a high degree to connect to those
with a low degree (a negative assortative index is found by Xu and
Chen, 2008, for one drug dealing and terrorist web site networks).

Fig. 1 offers a graphical representation of the Perseo network, while
Figs. 2 and 3 portrait the degree distribution and the related cumulative
distribution function.

Clearly, as in previous studies on criminal networks (e.g., Agreste
et al., 2016, and Calderoni, 2012), the degree distribution is not uni-
form. Furthermore, the network features individuals with relatively
high degrees, suggesting the existence of hubs. We defer to a companion
paper for a detailed characterization of the topological properties of
the Perseo network and a thorough discussion of the related literature.
Here, we focus instead on the variables associated with tie formation
using the econometric analysis.
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4. The empirical methodology

Here, we describe the econometric methodology adopted to study
the predictors of tie formation in the Perseo network, while in the next
section we present the results. Specifically, we follow Fafchamps and
Gubert (2007) and estimate dyadic regressions to identify the effect of
two types of data on the dyadic relationship Y;; between agents i and j:
individual attributes of agents i and j, denoted as z; and z; respectively,
and attributes of the link itself, denoted as w;; (see Graham, 2019, for
a further discussion on dyadic regressions).

To preserve symmetry between the effects, or satisfy the require-
ment that the effect of (z;, z Jony; is the same of the effect of (z s Z1)

on Yj;, a dyadic regression can be written in the form:

@

where the term |z; — z 1 refers to the effect of the (absolute) value of
the difference between individual attributes, (z; + z ) denotes the effect
of the sum of the individual attributes on Y;, w;; denotes the link
attributes, and u;; is a random disturbance term. We consider the case
in which the dyadic relationship Y;; is the probability of a tie between i
and j; therefore we estimate Eq. (1) as a logistic regression. In particu-
lar, we follow Fafchamps and Gubert (2007) and consider appropriate
standard errors that consider the non-independence of observations
in a dyadic regression setting and correct for heteroscedasticity. This
standard error definition follows the one proposed by Conley (1999) to
account for spatial dependence (see also Comola and Fafchamps, 2014).
The econometric analysis was conducted using the package ngreg in
Stata, developed by Marcel Fafchamps, to compute dependence-robust
standard errors.

Other methods commonly used to analyze tie formation in social
networks are the Quadratic Assignment Procedure (QAP) (e.g., Krajew-
ski et al., 2022) and the Exponential Random Graph Model (ERGM)
(e.g., Lusher et al., 2013, Daraganova et al., 2012 and Campana and
Varese, 2022a). The QAP approach is similar to the dyadic regression
approach as logistic regressions are estimated in both cases. In the
ERGM approach, the dependent variable is the probability of the entire
network. The structural characteristics of the network itself (i.e., its
density, triangular relations, etc.) are explicitly considered among the
covariates along with variables such as those included in Eq. (1).
In other words, QAP and dyadic regressions control for network de-
pendencies, while network dependencies are modeled in the ERGM
approach (Snijders, 2011). We follow Fafchamps and Gubert (2007)
and choose dyadic regression with dependence-corrected standard er-
rors as our preferred estimation approach with respect to QAP, as it
is based on similar estimation methods (i.e., logistic regressions) but
does not require bootstrapping as in the QAP, thereby having higher
efficiency (Fafchamps and Gubert, 2007, p. 331) (we also estimated an
ERGM model and obtained results highly consistent with those based
on dyadic regressions. See Footnote 4).

Starting from the information on the members of the Perseo network
described in Section 3, we define the following individual attributes
for each agent: age, a continuous variable indicating the agent’s age
in 2008. Age can, for example, proxy for the effect of career within
the organization and the induced increase in the number of connec-
tions therein (e.g., Morselli, 2009, pp. 166-167) or crime specializa-
tion (Tumminello et al., 2021), or capture an aspect of the network
generation process, i.e. preferential attachment, by which older nodes
have a higher number of ties (Barabasi and Albert, 1999); boss, a
dummy variable indicating whether the agent had a directive role in
the organization; Linking, LinkingOut, Meeting, PubProc, Pizzo, Guns,
and Drugs, dummy variables indicating agents’ tasks; and Mand, a
categorical variable indicating the mandamento affiliation.

The age-based variables that will be used as controls are sum_age; j
and dif f_age; ; denoting, respectively, the sum and difference of age of
i and j. Moreover, we define the dyadic variable geo_dist; s indicating
the geographical distance between agents i and j, measured by the

Y =a+Bilz; — z;| + Br(z; + z) +ywy; +uy,
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Fig. 1. The Perseo network. The size of each node is proportional to its degree. The number of each node indicates the agent’s identifier.

Degree Distribution: Perseo network

Frequency

Degree

Fig. 2. Degree distribution.

geodesic distance between agents’ locations, based on the latitude and
the longitude of their addresses. These distances were computed with
the geodist function in Stata and are based on Vincenty distances
expressed in kilometers. The individual variables boss and Mand allow
us to define two dyadic variables same_boss;; and same_mand;; which
equal 1 if i and j are both bosses or affiliated to the same mandamento,
respectively.

Finally, we study the effect of the tasks on tie formation based on the
number of common tasks in a dyad. This helps us define the following
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Cumulative Distribution: Perseo network

Frx)
i

Fig. 3. Cumulative distribution.

dyadic variables: sameTasks;;: a dummy variable which equals 1 if
and j have at least one task in common; same NumT asks;;: a continuous
variable which takes on a value corresponding to the number of tasks in
common between i and j; sameNumOrgTasks;;: a continuous variable
taking on a value corresponding to the number of organizational tasks
in common between i and j; same NumCrimTasks;;: a continuous vari-
able taking on a value corresponding to the number of criminal tasks
in common between i and j. In this way we consider the similarity of
agents in terms of the tasks performed, or task homophily (Campana
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Table 2

Descriptive statistics of regressors.
Variable (€8] 2) ®3) @ ®) 6) @) ®)

Obs Mean Std. dev. Min Max I Quart Median III Quart.

sum_age 4656 101.65 18.67 61 174 88 100 114
dif f_age 4656 14.89 11.58 0 60 6 12 21
same_T asks 4656 0.33 0.47 0 1 - - -
same_NumTasks 4656 0.74 0.76 0 5 0 1 1
same_NumOrgTasks 4656 0.58 0.73 0 3 0 0 1
same_NumCrimT asks 4656 0.17 0 .37 0 2 0 0 0
geo_dist 4560 12.11 12.82 0 90.98 4.99 8.44 15.16
same_M and 4656 0.09 0.29 0 1 - - -
same_Boss 4656 0.02 0.14 0 1 - - -

Table 3

Estimation of Eq. (1). Estimation method: Logit. Dependence-robust standard errors in parentheses (see Fafchamps and Gubert, 2007). Effects of tasks evaluated by the common

number of similar tasks in a dyad. Variable geo_dist in Model (10) is expressed in logs.

m 2) 3) @ (5) (6) @) 8 9 10)
sum_age 0.016** 0.015** 0.014* 0.014* 0.012* 0.013* 0.012 0.012 0.008 0.003
(0.008) (0.008) (0.007) (0.007) (0.007) (0.008) (0.008) (0.008) (0.008) (0.007)
diff age —0.005 —0.006 —0.008 —0.008 —0.007 —0.004 —0.004 —0.004 —0.000 —0.012
(0.011) (0.011) (0.010) (0.010) (0.010) (0.010) (0.010) (0.009) (0.009) (0.009)
same_Tasks 0.374
(0.308)
same_NumTasks 0.380%*
(0.154)
same_NumOrgTasks 0.346** 0.387+* 0.419%* 0.377%* 0.757*%* 0.754%*** 0.610%**
(0.149) (0.159) (0.176) (0.172) (0.208) (0.213) (0.214)
same_NumCrimTasks 0.551 0.472 0.196 0.176 0.197 0.470 0.028
(0.338) (0.335) (0.378) (0.373) (0.363) (0.355) (0.368)
geo_dist -0.025 —-0.015 -0.016 0.015 0.011 0.029
(0.016) (0.013) (0.013) (0.016) (0.014) (0.146)
same_Mand 1.380%%* 1.383 % 1.483%%* 1.487%%%* 1.681%*
(0.360) (0.362) (0.365) (0.380) (0.447)
same_Boss 0.709%** 0.824%** 0.694** —1.208***
(0.236) (0.199) (0.259) (0.361)
same_NumOrgTasks xgeo_dist —0.038** —0.044* —0.2827%%*
(0.017) (0.019) (0.107)
dummy_GO 1.445%**
(0.288)
sum_deg_mand 0.072%*=
(0.022)
sum_boss 1.303***
(0.306)
Constant —3.750%%* —3.875%%* —3.800%** —3.863*"* —3.425%%* —3.824* —3.735%%* —4.038** —3.910%** —4.596%*
(0.791) (0.772) (0.714) (0.711) (0.697) (0.811) (0.807) (0.802) (0.804) (0.707)
% Tie correct classification 89.91% 89.91% 89.91% 89.91% 89.78% 89.91% 89.82% 89.78% 90.29% 89.98%
N 9312 9312 9312 9312 9120 9120 9120 9120 9120 9120
* p < 0.10.
** p < 0.05.
<% p < 0.010.

and Varese, 2022a), which is based on achieved characteristics and
differs from homophily based on ascribed traits such as sex, ethnicity
and age (Ertug et al., 2022, p. 41). These will be the main variables for
our analysis (Table 2 contains the descriptive statistics). Other variables
utilized for robustness tests are described in what follows.

5. Results

Table 3 contains the results of the estimations based on Eq. (1).

Model (1) in Table 3 only considers control variables based on age.
The results show that age difference (proxying for age homophily) is
not significant, while sum_age has a positive and significant effect. Thus,
as age increases, individual agents have a higher number of links, so
that a higher sum of the agents’ ages in a dyad increases the probability
of a tie between any two agents.

In Model (2) we add a dyadic variable that equals one if the
agents in the dyad have at least one task in common. The effect of
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this variable is positive, but not statistically significant. In Model (3)
same_NumT asks (for simplicity we omit the suffixes i, j) has a positive
and statistically significant effect, suggesting that task homophily is a
significant predictor of ties between two agents. The magnitude and
significance of the term sum_age decreases.

Model (4) introduces the classification of organizational and crim-
inal tasks. The results show that same_NumOrgTasks is a significant
predictor of a tie, whereas same_NumCrimTasks is not. Clearly, the
higher the task homophily in a dyad, the higher the probability of a
tie, but only in the case of organizational tasks.

In Model (5), we introduce the geographical distance between the
agents in a dyad and find that geo_dist has a negative and marginally
significant effect on the probability of link formation (p = 0.11).
Thus, this result does not provide clear support for the hypothesis that
the probability of a tie significantly decreases with the geographical
distance between two agents, as suggested by the standard theory of
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spatial social networks (Small and Adler, 2019). The other terms in the
regression are not affected.

In Model (6), we introduce the joint affiliation of the same man-
damento and find that it has a positive, large, and highly significant
effect. The effect of pure geographical distance is now clearly non-
significant. This result shows that, with respect to the pure geographical
distance, the relevant geographical variable is mandamento affiliation.
This is consistent with Tumminello et al. (2021) who, however, adopted
a different definition of geographical space based on (endogenously
determined) syndicates and postal codes, and a different estimation
method (bi-partite networks), without controlling for pure geographical
distance. The fact that the joint consideration of geographical distance
and mandamento affiliation makes the effect of the former clearly
non-significant may depend on the fact that a mandamento has a well-
defined geographical dimension which overlaps with the geographical
distance when both effects are present in a regression. As noted,
currently Palermo has 8 mandamenti. Assuming that there are three
families within each mandamento, there are approximately 24 mafia
family “zones” within the city. The number of administrative districts
is 25, while the number of postal codes is 30 (Tumminello et al., 2021,
find 62 syndicates in their endogenous partition of the network based
on co-offending). Thus, the number of “family” zones, administrative
districts, and postal codes is very similar, suggesting that the geograph-
ical dimension of a mandamento is defined in way consistent with the
administrative geographical partition of the territory. The other terms
of the regression are not affected.

In Model (7), we add a variable controlling for the joint role of
the bosses of agents in a dyad. The coefficient is positive and highly
significant, indicating that being both bosses increases the probability
of a tie between any two agents, with respect to any different dyad
configuration, without affecting the magnitude and significance level
of the other significant terms (except the coefficient for sum_age, which
loses statistical significance).

In Model (8) we introduce same_NumOrgTasks * geo_dist, an in-
teraction term between the variable capturing the number of common
organizational tasks in a dyad and geographical distance. This effect is
negative and significant. Considering the positive and significant value
of the coefficient of the same_NumOrgTasks, this result highlights that
organizational task homophily increases the probability of a tie, but this
probability decreases with distance between the agents. In other words,
having a higher number of organizational tasks in common increases
the probability of a tie, but agents who are geographically close are
likely to belong to the same mandamento or geographically contiguous
mandamenti.

Model (8) of Table 3 will be our preferred specification. The odds
ratios for the significant terms of this model are: same_NumOrgT asks:
2.13; same_Mand: 4.41; same_Boss: 2.28; same_NumOrgTasks
geo_dist: 0.96. In other words, an increase of one unit in the number
of shared organizational tasks implies a 113% increase in the odds of
sharing a tie; if both agents in a dyad belong to the same mandamento,
this implies a 341% increase in the odds of sharing a tie; if both agents
in a dyad are bosses, this implies a 128% increase in the odds of sharing
a tie; an increase of one kilometer in geographical distance between the
agents in a dyad makes the effect of an increase in the shared number
of organizational tasks on the odds of sharing a tie correspond to 105%
(i.e., exp(—0.038) = 0.96 = 1.05/1.13).

In Model (9), we add a dummy variable (dummyGO) into Model
(8) which is activated for the ties of agents with the largest degree of
genericO links (see Appendix B.1). This can be considered as a robust-
ness test aimed at preserving the information provided by genericO ties
while controlling for the risk of introducing bias due to the assignment
of an excessive number of ties to the network. If most of the variation
in the variables associated with agents’ connections (particularly across
mandamenti) was largely introduced in a spurious way by the variation
induced by genericO ties, then the dummy should absorb a relevant part
of this variation, making other estimated coefficients non-significant.
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Column (9) in Table 3 reports the results. The results show that, as
predicted, the coefficient for the dummy variable is positive and highly
significant. However, the other coefficients are essentially unaffected in
terms of both their magnitude and significance.

In Model (10) we introduce some modifications to the specification
of Model (8).! First of all, we express the geographic distance in logs
(corresponding to a functional relationship between probability of a
tie and distance as an attenuated power law with baseline probability
equal to 1), as Daraganova et al. (2012, p. 13) show that this can work
very well in empirical applications. Our results are not affected by this
choice: pure distance has a non-significant effect, while the sign of the
interaction term involving geo_dist does not change and significance is
even higher.

Then, we introduce two new variables: sum_deg_mand and sum_boss.
The former is the sum of the average degrees in the mandamento of
the agents in a dyad,” while the latter counts the number of bosses in
a dyad (0, 1 or 2). These two variables aim at disentangling a possible
“scale effect” of, respectively, belonging to a mandamento or being a
boss, from the “homophily effect” captured by the variables same_mand
and same_boss. For example, the probability of a tie between two agents
of the same mandamento can increase because they have similar origin
(homophily effect), or because in their mandamenti there is a high
frequency of contacts, and this may affect the probability that they
are connected (scale effect). A similar reasoning can be made for being
a boss. Two bosses for example might more likely be connected be-
cause of their hierarchical position per se, responding to organizational
needs (homophily effect), or because they have frequent interactions
with other agents, which can increase the probability that they are
connected (scale effect). In Model (10) the effect of sum_deg_mand is
positive and significant, and goes in the same direction of the effect of
same_mand: belonging to the same mandamento increases the probabil-
ity of a tie for both reasons. Differently, the effect of sum_boss is positive
and highly significant and makes the effect of same_boss negative and
significant. This suggests that the effect identified by same_boss alone
conflates the two effects, that go in opposite directions. Two bosses in
a dyad have a higher probability of being connected because a scale
effect is at work, while the mere similarity of their roles (the homophily
effect) decreases the probability of tie.®> We defer to the next section the
discussion of this result.

The bottom panel of Table 3 reports the percentage of ties that,
based on the estimated coefficients, are correctly predicted by the
various models (this percentage is obtained by running the estat
classification command in Stata after the logit estimation). This
percentage is remarkably high in all specifications, suggesting that the
goodness of fit is always high. We prefer this measure of goodness of
fit and do not report measures such as Pseudo-R?, as in other studies
adopting the same empirical approach, because this measure has a low
capacity for discriminating across models (see, e.g., Hagle and Mitchell,
1992).

We conducted other robustness tests to corroborate the results in
Table 3. Appendix C.1 contains the results with a different definition
of task variables, based on sum and differences in the number of
organizational and criminal tasks in a dyad. Appendix C.2 reports

1 We are grateful to an anonymous referee for suggesting the estimation of
such a model.

2 The average degrees for the mandamenti are the following: Bagheria (8.5),
Brancaccio (1), Corleone, (24), Misilmeri (8.3), Noce (12), Pagliarelli (10.2),
Partinico (2), Passo di Rigano - Bocca di Falco (14), Porta Nuova (15.6),
Resuttana, (16), San Giuseppe Jato (8.1), San Lorenzo - Tommaso Natale
(4), San Mauro Castelverde (4), Santa Maria del Gesu (11.8). Since for some
mandamenti the number of observations is low (see Table 10), this variable
must be considered with caution.

3 Results of Model (10) also hold when the variables on the tasks are
defined in the alternative way described in Appendix C.1 and are available
upon request.
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the results of estimations based on simulations of networks in which
we assigned genericO ties not to all the agents in a mandamento but
randomly assigned them only to 90% or 80% of such agents. Appendix
C.3 contains the results for sub-networks constructed using subsets of
the four criteria for tie definition. In these robustness tests the main
results are largely confirmed, with differences described on a case-by-
case basis.* In the next section, we discuss our results and draw some
concluding remarks.

6. Discussion and concluding remarks

We analyzed a large group of members of the Sicilian Mafia op-
erating in the province of Palermo using network analysis and by
drawing on judiciary evidence from Operazione Perseo. Specifically,
we studied the effects on tie formation of the hierarchical features
of the organization, specialization into organizational and criminal
tasks, and geographic distance, which is measured by both geographical
propinquity (Small and Adler, 2019) and mandamento affiliation.

We found the following answers to our research questions: two
effects of the hierarchical position are at work: a scale effect, that
increases the probability of a tie between them, and a homophily effect,
that reduces the probability (RQ1). Second, task specialization affects
the probability of link formation; in particular, the higher the number
of organizational tasks in common (i.e., the higher the task homophily),
the higher the probability of a tie. The opposite occurs in the case of
criminal tasks: the number of common criminal tasks in a dyad has a
non-significant effect on the probability of formation of a tie (RQ2).
Third, mandamento affiliation is the relevant geographical variable
driving tie formation with respect to the simple geographical distance
(RQ3). Belonging to the same mandamento increases the probability
of tie, the two effects identified (scale and homophily) go in the
same direction. In addition, we find that the probability of a tie for
agents with organizational tasks in common decreases with distance,
suggesting that the effect of organizational task homophily decreases
with the distance between the agents in a dyad. Several robustness tests
support these results.

Fig. 4 offers a graphical representation of our results, highlight-
ing the relevant ties identified by us. In this representation, mafiosi
belong to different mandamenti (indicated by different colors) and
are interconnected. To highlight the different effects of task special-
ization, agents specialized in organizational tasks are interconnected
and connected to similar agents in a contiguous mandamento. Finally,
bosses belonging to different mandamenti are connected by a dotted
line, to take into account the two effects of opposite sign that we
identified. Such a representation adds information to those based on
the hierarchical connections only, as the one in Catino (2019, p. 155).

These findings describe the Palermo Mafia as an organization with
a clear pattern of hierarchy and division of labor, and a territorial
subdivision of activities that is reflected in its network structure. As
it comes to the interaction of bosses, we find that, when two bosses
are in a dyad, two effects are at work: a scale effect, that increases
the probability of a tie, and a homophily effect, that decreases that
probability. We interpret this result in the following way. The former
effect is likely to depend on the day-by-day activity of a boss to

4 We also re-estimated our model using the ERGM approach (Broekel et al.,
2014; Snijders, 2011; Lusher et al., 2013), utilizing the SPnet software (Wang
et al., 2014). The results obtained from the dyadic regression estimation and
ERGM estimation exhibit a striking similarity in the estimated coefficients in
most cases, in particular when considering the term “Edges” in the estimation
of the ERGM to control for network density, as this term plays the same role
as the intercept in the dyadic regressions. We tried to insert other indicators of
structural dependencies among the covariates, such as the alternating triangle
effect measured by a statistic similar to GWESP (Daraganova et al., 2012, p.
14), but the estimations did not reach convergence. Results are available upon
request.
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Fig. 4. Graphical representation of our results. B denotes Bosses, C denotes individuals
in charge of criminal tasks, and O denotes individuals in charge of organizational tasks.
Different colors refer to different mandamenti. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

preserve the efficiency of the organization, which includes keeping
contacts, dealing with disputes and controversies, etc. A partial support
to this claim can be found in the relative high correlation between
being a boss and having the tasks of keeping connections, within and
outside the mandamento (see Table 4). On the other hand, the negative
“homophily” effect in consistent with the idea that, in a hierarchical
organization who faces an efficiency-security trade-off (Morselli et al.,
2007), two bosses might refrain to directly communicate to provide
security to the organization, given the high amount of information
they possess. With respect to Krajewski et al. (2022), who argue that
horizontal communication prevails in the American Mafia over the
communication implied by formal roles, we find that in our case both
aspects seem to matter. Since we do not have decisive information on
which effect might prevail, this remains an area for further research.

For agents with organizational tasks we find that similar agents are
more likely to be connected, whereas agents with similar specializations
in criminal tasks are less likely to interact. For criminal tasks, we
argue that communication patterns are more likely to be vertical than
horizontal (Krajewski et al., 2022). The different impact of performing
an organizational skill with respect to a criminal skill is a novel result
and is consistent with Campana and Varese (2022a), who find that for
criminal tasks only and for criminal groups operating in the UK, the
effect of tie formation differs by different types of crime.

Tumminello et al. (2021) confirm the territorial characterization of
Cosa Nostra. The relevant geographical space, however, is not the pure
geographical space but that determined by the mandamento affiliation
which is associated to both a homophily and a scale effect. We argue
that this feature can be explained by some of the characteristics of
Cosa Nostra, especially the necessity to establish trusted relationships
within the organization. Interacting with agents belonging to the same
mandamento implies that the relationship is likely to be characterized
by a higher level of trust than with members of other mandamenti.
Trust’s importance is also supported by the fact that recruitment into
Cosa Nostra typically occurs within a mandamento. This reduces the
risk of recruiting an untrustworthy individual (Catino, 2019, p. 32), as
the recruiter can gather information more easily on potential members
when they are closer, and therefore, easier to observe.

The negative effect observed for the coefficient from the interaction
of the variable measuring the common number of organizational tasks
and geographical distance reinforces this result: Two individuals shar-
ing a high number of organizational tasks are more likely to interact.
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Table 4
Correlations among tasks in the Perseo network.
Variables Drugs Guns Linking LinkingOut Pizzo PubProc Meetings Boss
Drugs 1
Guns —0.062 1
Linking -0.051 -0.305 1
LinkingOut 0.080 -0.205 0.538 1
Pizzo 0.041 -0.169 -0.222 -0.156 1
PubProc 0.343 —0.084 0.219 0.236 0.259 1
Meeting -0.139 -0.120 -0.026 -0.172 -0.230 -0.100 1
Boss 0.210 -0.123 0.323 0.473 -0.038 0.452 -0.084 1
However, the probability decreases if they are geographically distant Table 5
and, perhaps, belong to different mandamenti. Distribution of episodes according to the four criteria.
These results are consistent with the description of interaction Criterium @ @ 3 “
patterns in multi-division firms by Kleinbaum et al. (2013). In fact, (i) generic 504
“[in] business organizations, ...the existence of elaborate task and - genericl 193
authority structures often prescribe patterns of interaction ... [Tlhe Within 99 154 80%
formal structure of the organization is designed to execute a set of tasks, Outside 99 39 20%
and therefore the structure itself induces a great deal of interaction ... - genericO 311
The task structure of the firm, embodied in its formal organizational Within 99 286 92%
structure and geographic configuration, forms the backbone of the Outside 99 25 8%
communication structure of the company” (Kleinbaum et al., 2013, others 906
pp. 1318-19). The key concept advanced by Kleinbaum et al. (2013) (ii) single 626
is “discretion within the constraints,” meaning that within the con- —
ints defined by the hi hical struct ¢ izati it Within 99 449 72%
straints efined by t e hierarchical structure of an organization, its Outside 99 177 28%
task subdivision, and its geographical configuration, employees have (i) family %
some discretion in terms of whom to interact with. Accordingly, our P P
- . . - o Within 7 7%
flndlngs cou.ld suggest that the.pat.terns of mteractlor.ls we identified Outside 99 19 73%
are chiefly dictated by the organizational and geographical structures of
Cosa Nostra. Unfortunately, we cannot evaluate how much “discretion” (iv) meeting 24
. . nately, i - : Within 99 232 91%
contributes to explain the observed patterns of interaction and remains Outside 99 22 9%
a particularly interesting t(?plc for futLllre. res.earch.. . Total 1410 1410
Our results have some important limitations. First, as in any study —
. Within 99 1128 80%
based on court documents, there is no guarantee that the results Outside 99 282 20%

are fully representative of the organizational features of the criminal
organization of interest. Further research should confirm the results
possibly by carrying out similar exercises on other Cosa Nostra groups.
In addition, as in other studies on social networks, there are limitations
imposed by the boundaries of the network (discussed in Section 3)
and the definition of a tie among network nodes. In this respect, we
provided some robustness tests challenging, in particular our choice of
considering a specific type of intelligence-based tie, which we denoted
as genericO links. These tests provided support to our choice; how-
ever, further research is needed to corroborate our results by possibly
exploring other network structures of Cosa Nostra based on other tie
definitions.
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Appendix A. Other results

Table 4 lists the correlations between the tasks of the agents in the
Perseo network.

Appendix B. On the tie definition

Here, we provide a detailed account of the construction of the
network based on 1410 episodes pointing to the existence of ties
among agents. Table 5 reports the breakdown of the 1410 episodes
according to the four criteria described in Section 3, and indicates the
distinction between genericl and genericO ties. In addition, since we
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only considered the 99 individuals arrested in the main text, we show
the breakdown of the episodes into those referring to the 99 agents
(i.e., both agents in the episode belong to the group of 99 arrested indi-
viduals), and to other individuals mentioned in the document (i.e., the
episode refers to only one of the 99 arrested individuals or none).

Column (1) of Table 5 shows the breakdown of the episodes between
intelligence-based ties (generic, for short) and others (single, family,
or meeting), indicating that intelligence-based episodes account for
approximately 36% of the total. Column (2) shows the breakdown of
the episodes referring to genericl and genericO ties and in the other
three criteria: the criterion with the largest number of episodes is single,
whereas the lowest number of episodes refers to family ties. Columns
(3) and (4) highlight that approximately 80% of the total number of
episodes refer to a tie existing among the 99 agents (in a companion
paper we consider the entire network of individuals mentioned in the
arrest warrant, and therefore, will utilize all information from the 1410
episodes).

From these episodes we extracted information on the network
among 99 agents. Since the episodes can be redundant, i.e. they can
refer multiple times to the same dyad or the same dyad appears in more
than one type of episode, in Table 6, we report the actual number of
agents involved by each type of episode and the associated number of
links, i.e. the elements of the sub-networks identified by the tie type.
In Tables 7 and 8, we report the overlapping of the agents and links
across these subnetworks.

Table 6 shows that the link types genericO and genericl imply a
fairly high number of agents and links, while the family type implies
the smallest number of agents and links. Tables 7 and 8 describe the
overlapping of the agents and links across the link types. For example,
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Table 6

Subnetworks defined according to the four criteria: number of agents and links.
Link type nr of agents nr of links
generic0 75 279
genericl 72 116
single 56 78
family 11 6
meeting 26 60

Table 7

Overlapping of the agents in the subnetworks defined by the four criteria.

genericO genericl single family meeting

genericO - 54 42 9 22
genericl - 46 9 26
single - 6 19
family - 7
meeting -

Table 8

Overlapping of the links in the subnetworks defined by the four criteria.

genericO genericl single family meeting

genericO - 1 7 0 4
genericl - 24 2 21
single - 1 19
family - 1
meeting _

Table 7 shows that out of the 75 agents sharing genericO links, 54
agents also share genericl ties, 42 also share single ties, and so on.
Although the overlapping of agents across the tie definitions is non-
negligible, the same cannot be said for the number of ties identified by
the four criteria. Table 8 shows that the overlapping of links is quite
limited across the tie type.

This shows that the different link types identify complementary
types of information about the Perseo network; in other words, they
describe different parts of the entire network. The choice of jointly us-
ing all different types of links for a description of the network structure
is therefore justified, as the omission of one of the link types (except
family ties, perhaps) would imply a serious under-representation of the
network.

Table 9 presents the descriptive statistics of the sub-networks ob-
tained by applying the four criteria, with a breakdown highlighting the
genericO and genericl links. Interestingly, while some statistics clearly
depend on the number of links (e.g., density, mean degree centrality),
other statistics seem to be less affected (e.g., clustering coefficient,
average path length, and assortativity index).

B.1. A closer look at genericO ties

As already pointed out in the main text, our choice to consider
the links identified in the investigation without a clear specification of
the individuals involved in a tie (except for one of the agents of the
implied dyads) was not to discard information on connections. This
is especially important given that they referred to connections across
mandamenti and in a few cases, to connections with members of the
same mandamento (see below). We are aware that this implies the
risk of imputing an excessive number of links to some agents but this
risk should be mitigated by the fact that these ties refer to part of the
network only. Here, we present a further discussion of this type of link.

First, the number of agents to whom we imputed genericO links is
20. For the majority of these agents (16), the imputed links connect
the agent to the agents of another mandamento, as they were keeping
contacts with the members of a different mandamento. For a minority
of these agents (4), fermo reports that the agent was keeping contact
with the members of his own mandamento. Hence, for consistency, we
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imputed the links of these agents to all agents of his own mandamento
(these four agents are labeled 123, 168, 126, 94).

The total number and distribution of genericO ties for this set of
20 agents, therefore, depends on the distribution of agents in the
Perseo network across mandamenti. Table 10 reports this distribution,
highlighting the more compact distribution used in the econometric
analysis (Column 1) and the original one reported in the arrest war-
rant (Column 2). For example, 18 members of the San Giuseppe Jato
mandamento correspond to the sum of the agents belonging to the
mandamenti of Monreale, San Cipirello, and San Giuseppe Jato. For
the initial assignment of genericO links we considered the mandamenti
classification in Column (2) of Table 10 as, first of all, it is faithful to
the investigators’ evaluations. In addition, in this way we reduce the
number of imputed links to a minimum. For example, 11 links were
attributed to an agent indicated as maintaining contact with mafiosi
from Monreale. Meanwhile, with the aggregation of mandamenti in
Column (1), the number of links would have been 18, as Monreale and
other contiguous towns were aggregated under San Giuseppe Jato.

For this set of 20 agents, we computed the number of genericO ties
imputed to them and their overall degree of genericO links. The two
numbers might not coincide, as an agent for whom we imputed the
links to members of another mandemento might also be connected to
others, as he might be in a mandamento that was mentioned for other
agents. Table 11 reports the number of imputed links and its degree for
this set of 20 agents. As predicted, the degree is always greater than or
equal to the number of imputed links.

We know that the assignment of genericO ties implies 75 agents
(Table 6); the histogram of their degree distribution is in Fig. 5.

Clearly, the majority of agents have a low number of genericO links,
whereas a non-negligible number have a relatively large number of
such links, greater than 20: Notably, six agents have more than 20
links of this type (Table 11). In other words, although the procedure
to impute genericO ties generates a fairly high number of links, the
distribution of such links is such that the majority of the implied agents
have few such links.

Based on the evidence described in this appendix, we considered a
robustness check reestimating Model (8) in Table 3 by adding a dummy
variable to agents with a degree of genericO links higher than 20. The
results in Model (9) of Table 3 are largely consistent with those in
Model (8).

Appendix C. Robustness tests

This appendix presents the results of three additional robustness
tests. The first one considers a different definition of the variables on
the agents’ tasks (Appendix C.1); the second is based on the random
assignment of genericO ties to 90% or 80% to the agents in a manda-
mento (Appendix C.2); the third considers estimations based on subsets
of ties according to the four criteria described in Section 3 (Appendix
C.3).

C.1. A different definition of the tasks’ variables

Here, we propose an alternative method of accounting for the effect
of agents’ task specialization on the probability of tie formation. In
particular, we focus on the number of tasks of an individual agent,
which leads to the definition of the following individual continuous
variables for each agent: numTasks, indicating the total number of tasks
(range: 0-5) (the only agent with O tasks is the agent for whom only
the task host was reported); numOrgTasks, indicating the total number
of organizational tasks (range: 0-4); and numCrimTasks, indicating the
total number of criminal tasks (range: 0-2). The definition of these
variables allows us to define the specialization of an agent based on
the number of tasks performed. For example, an agent is assumed to be
more specialized when the number of his tasks is lower. As specified in
Eq. (1), when we consider variables based on the sum and difference
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Table 9
Descriptive statistics of the Perseo Network, and subnetworks based on generic, generic0, generil, single, family, and meeting ties.
Perseo generic generic0 genericl single family meeting
No. of nodes 97 97 97 97 97 97 97
No. of links 470 394 279 116 78 6 60
Density 0.100 0.085 0.060 0.025 0.017 0.001 0.013
Clustering coefficient 0.41 0.373 0.263 0.327 0.311 0.000 0.706
Diameter 5 6 6 8 5 2 4
Average path length 2.65 2.943 3.084 3.805 2.520 1.143 1.948
Assortativity -0.250 —-0.269 —-0.573 —-0.356 —-0.283 —-0.200 —-0.036
Degree centrality (mean) 9.69 8.124 5.753 2.392 1.608 0.124 1.237
Degree centrality (s.d.) 7.39 6.892 6.618 2.816 2.418 0.361 2.410
8 -
8 -
5
g
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Fig. 5. Histogram of genericO links.

Table 10

Distribution of agents across mandamenti. Column (1) reports the aggregation
used in the econometric analysis, where the mandamenti definition is based on
Ministero dell’Interno (2016), while Column (2) reports the original indication of
mandamento affiliation as reported in the arrest warrant. The numbers in parenthesis
indicate the number of agents in each mandamento. Mandamento affiliation is not
reported in the arrest warrant for all agents.

m )

Brancaccio (1) Brancaccio (1)

Corleone (1) Corleone (1)

San Mauro Castelverde (1) San Mauro Castelverde (1)
Noce (2) Altarello (1) + Noce (1)
Partinico (2) Montelepre (2)

Resuttana (2) Acquasanta (2)

Passo di Rigano - Bocca di Uditore (3)

Falco (3)

San Lorenzo - Tommaso
Natale (3)

Bagheria (4)

Santa Maria del Gesu’ (6)

San Lorenzo (3)

Bagheria (4)

Pagliarelli-Santa Maria di Gesu’ (1) +
Santa Maria di Gesu’ (1) +

+ Santa Maria di Gesu’-Villagrazia (1) +
Villagrazia (3)

Corso Calatafimi (5) + Pagliarelli (2) +
Pagliarelli-Santa Maria di Gesu’ (1)
Borgo Vecchio (1) + Porta Nuova (15)
Monreale (11) + San Cipirello (3) + San
Giuseppe Jato (4)

Belmonte Mezzagno (20)

Pagliarelli (8)

Porta Nuova (16)
San Giuseppe Jato (18)

Misilmeri (20)

of such individual continuous variables (denoted by the prefixes sum
and diff), the focus is on the effect of the joint levels of specialization
and specialization homophily, respectively, proxied by the difference
in the number of tasks on the probability of tie formation. Table 12
presents the descriptive statistics of the variables, and Table 13 presents
the results.
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Table 11

The 20 agents to whom we imputed genericO links, number of these links, and degree
of the agents. Idr refers to the random number attached to each agent to preserve
anonymity.

Idr Nr Imputed Links Degree
141 20 25
86 19 24
147 24 24
73 24 24
126 14 22
94 13 21
57 15 17
65 15 16
51 15 15
77 15 15
79 15 15
110 15 15
167 15 15
36 15 15
168 13 14
85 14 14
123 10 10
59 7 10
19 4 4
132 4 4

Model (1) in Table 13 corresponds to Model (1) in Table 3 and
is reported to facilitate comparison with the other models. Model (2)
introduces the sum of and absolute differences in the number of tasks in
a dyad: specialization homophily is not significant, as dif f_NumTasks
has a non-significant effect, whereas sum_NumT asks has a positive and
highly significant effect. Hence, the higher the joint number of tasks in
a dyad, the higher the probability of a tie.

Model (3) introduces the classification of organizational and crim-
inal tasks. This classification is important: sum_NumOrgTasks and
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Table 12

Descriptive statistics of regressors.
Variable (€D)] (2) 3) 4) (5)

Obs Mean Std. dev. Min Max

sum_age 4656 101.65 18.67 61 174
dif f_age 4656 14.89 11.58 0 60
geo_dist 4560 12.11 12.82 0 90.98
same_M and 4656 0.09 0.29 0 1
same_Boss 4656 0.02 0.14 0 1
sum_NumT asks 4656 3.24 1.41 0 10
dif f_NumTasks 4656 0.96 0.96 0 5
sum_NumOrgTasks 4656 2.64 1.39 0 7
dif f_NumOrgTasks 4656 1.10 0.88 0 4
sum_NumCrimT asks 4656 1.05 0.78 0 4
dif f_NumCrimT asks 4656 0.57 0.56 0 2

Table 13

Estimation of Eq. (1). Estimation method: Logit. Dependence-robust standard errors in parenthesis (Fafchamps and Gubert, 2007). Effects of tasks evaluated by the number of tasks

of an individual agent.

@ 2 3 “@ ) 6) @)
link link link link link link link
sum_Age 0.016%* 0.014%* 0.015%* 0.013** 0.013** 0.013** 0.009
(0.008) (0.007) (0.006) (0.006) (0.006) (0.006) (0.006)
diff Age —0.005 —0.010 -0.010 -0.010 —0.009 —0.009 —0.006
(0.011) (0.009) (0.009) (0.009) (0.008) (0.008) (0.007)
sum_NumOrgTasks 0.288%**
(0.088)
diff NumOrgTasks -0.057
(0.119)
sum_NumOrgTasks 0.252%** 0.269%** 0.347%** 0.334%** 0.347%**
(0.088) (0.094) (0.100) (0.099) (0.097)
diff NumOrgTasks -0.160 -0.169 —0.069 —-0.060 —-0.032
(0.137) (0.136) (0.129) (0.129) (0.140)
sum_NumCrimTasks 0.325 0.275 0.188 0.175 0.371*
(0.208) (0.202) (0.217) (0.216) (0.213)
diff NumCrimTasks 0.265%* 0.273** 0.375%* 0.368** 0.311**
(0.130) (0.130) (0.151) (0.151) (0.142)
geo_Dist —0.026* -0.014 -0.015 —0.022**
(0.016) (0.012) (0.012) (0.011)
same_Mand 1.685%** 1.683%* 1.734%%*
(0.326) (0.326) (0.346)
same_Boss 0.376""* 0.078
(0.121) (0.276)
dummyGO 1.534%**
(0.301)
Constant —3.750%** —4.630%** —4.656*** —4.167*** —4.817%%* —4.739%%* —4.871%%*
(0.791) (0.612) (0.622) (0.579) (0.628) (0.633) (0.624)
% Tie correct classification 89.91% 89.91% 89.91% 89.78% 90.07% 90.04% 90.33%
N 9312 9312 9312 9120 9120 9120 9120
Standard errors in parentheses.
* p < 0.10.
** p < 0.05.
***% p < 0.010.
Table 14
Comparison of estimated coefficients and coefficients from simulated networks (100 simulations).
Variable Coeff. 90% 80%
Mean SD Mean SD
1 same_NumOrgT asks 0.757 0.760 0.017 0.772 0.030
2 same_M and 1.483 1.493 0.008 1.518 0.014
3 same_Boss 0.824 0.796 0.070 0.775 0.108
4 same_NumOrgTasks xgeo_dist —0.038 -0.037 0.001 —-0.038 0.003

dif f_NumCrimT asks have a positive and significant effect, i.e. a higher
joint number of organizational tasks in a dyad increases the probability
of a tie, while the difference is not significant. However, in the case of
criminal tasks, the probability of a tie in a dyad is significantly higher,
the higher the difference in the number of criminal tasks, or the lower
the criminal tasks homophily. This result suggests an organizational
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structure in which agents involved in a certain number of criminal tasks
are less likely to interact with similar agents than those involved in
organizational tasks, and is consistent with the results of Model (4) in
Table 3. From the perspective of Krajewski et al. (2022), the probability
of horizontal communication in criminal tasks is less likely than in
organizational tasks.
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Table 15
Estimation results of Equation (8) in Table 3 on networks ALO, AL1 and AL2.
(8) 9 ALO ALl AL2
sum_age 0.012 0.008 —0.008 —0.003 0.004
(0.008) (0.008) (0.009) (0.014) (0.010)
diff age —-0.004 —0.000 0.006 0.003 —0.006
(0.009) (0.009) (0.008) (0.011) (0.011)
same_NumOrgTasks 0.757*** 0.754*** 0.882%** 0.866*** 1.021%**
(0.208) (0.213) (0.260) (0.224) (0.217)
same_NumCrimTasks 0.197 0.470 0.409 0.857** 0.379
(0.363) (0.355) (0.358) (0.386) (0.453)
geo_dist 0.015 0.011 —0.040 —0.047* —0.038
(0.016) (0.014) (0.026) (0.027) (0.029)
same_Mand 1.483%** 1.487%** 1.872%** 1.808%** 2.286%*
(0.365) (0.380) (0.442) (0.377) (0.438)
same_Boss 0.824+** 0.694** 0.166 —0.009 0.447
(0.199) (0.259) (0.637) (0.512) (0.683)
same_NumOrgTasks xgeo_dist —0.038** —0.044** -0.011 -0.016 -0.020
(0.017) (0.019) (0.014) (0.023) (0.016)
Constant —4.038*** —3.910%* —3.625%* —3.519%** —4.018%**
(0.802) (0.804) (1.631) (1.181) (1.030)
% Tie correct classification 89.78% 90.29% 97.3% 95.9% 94.2%
N 9120 9120 9120 9120 9120
dummyGO N Y N N N
# Links 470 470 123 201 261

Standard errors in parentheses.
* p < 0.10.

** p < 0.05.

*** p < 0.010.

In Model (4) we introduce the geographical distance between the
agents in a dyad, and find that it has a negative and significant effect,
although the significance level is only 10%. This is in line with the
results of Model (5) in Table 3. The estimation results of Models (5)
and (6) are consistent with those of Models (6) and (7) in Table 3
regarding the effects of the same_Mand and same_Boss variables. In
Model (7), we add dummyGO. Its introduction has no relevant ef-
fects on key variables such as sum_NumOrgTasks, dif f_NumOrgTasks
and same_M and, but the effect of same_Boss becomes insignificant. It
also returns a significant coefficient for geo_dist (at 5% significance
level) and sum_NumOrgTasks (at 5% significance level). However,
the latter results are not as stable as those for sum_NumOrgTasks,
dif f_NumOrgTasks, and same_M and, which appear to be more robust
to the regression specification.

Overall, we see that different definitions of the task variables do
not significantly affect the main results in Table 3. In fact, the results
of Model (7) in Table 3 for one of our key variables, same_Boss, suggest
that the task specialization variables utilized in the main text introduce
variations in agents’ attributes that allow for the identification of the
effect of this, even when dummyGoO is added, suggesting that the task
variable definition in the main text is more appropriate for identifying
this effect.

C.2. Random assignment of genericO links

In Section 3 we pointed out that when intelligence-based evidence
suggests that an agent has contacts with members of a mandamento,
we assumed that ties exist with all members of that mandamento in
the Perseo network and labeled these links as genericO ties. Here,
we explore two alternatives, namely that the mentioned agent has
(randomly allocated) genericO ties with 90% and 80% of the members
of that mandamento in the Perseo network, and simulate 100 networks
for both cases (denoted: “90%” and “80%”). This approach is in the
spirit of Borgatti et al. (2006), who analyze the case in which a certain
amount of “error,” measured in terms of random removal of nodes or
ties, is introduced in random networks of different size, and study how
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this affects the values of centrality measures computed in the “true”
network and in those plagued by errors.

Table 14 summarizes the results and compares the significant coeffi-
cients (excluding those based on age) from Model (8) in Table 3 to the
average values from the simulations in the “90%” and “80%” cases.
It shows that the estimated coefficients in Table 3 and coefficients’
average values from the simulations are very similar in absolute terms.

To visually represent the difference between the estimated coef-
ficients in the main text and simulations, Figs. 6 and 7 report the
density of the estimated coefficients, the mean values, and an interval
of two standard deviations of the simulated values around the mean
(the densities are estimated non-parametrically with normal optimal
smoothing using the sm package in R, see Bowman and Azzalini, 1997,
pp. 48-52). The bold vertical line indicates the value of the estimated
coefficients in the main text.

In almost all cases, the average values of the coefficients estimated
from the simulations lie within the two-standard deviation interval. The
only exception is represented by the coefficient for the term capturing
the joint affiliation to the same mandamento which lies outside the
interval in the case of random attribution of 80% of links and clearly
has no implications for our inference.

C.3. Analysis of sub-networks

Here we present the results of the estimation of Model (8) in Table
3 by considering subsets of the criteria utilized to assign ties. Given the
specificity of the genericO ties, we pay special attention to the removal
of these ties. In particular, the three networks generated by applying
different subsets of criteria are:

1. ALO: Based on single + family + meeting ties.

2. ALI: Based on genericl + single + family + meeting ties.

3. AL2: Based on genericl + single + family + meeting ties +
genericO ties for agents 123, 168, 126, and 94.

Network ALO is built by excluding all intelligence-based ties. Net-
work AL1 adds genericl ties to the ties in ALO. Therefore, individuals
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Fig. 7. Densities of simulated coefficient values.

for all links in AL1 are exactly identified from the examined court
documents. Finally, AL2 adds the subset of genericO ties of agents 123,
168, 126, and 94 to the agents belonging to their own mandamento to
the ties in ALl. In other words, in AL2, we excluded all bridging ties
across mandamenti introduced as genericO ties; any remaining bridging
tie is based on the exact identification of the individuals involved in
the tie. Table 15 presents the results. For ease of comparison with the
results in the main text, the results of Models (8) and (9) in Table 3 are
reported.
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Significant coefficients: Model (8)/Table 3.

Table 15 highlights that while the number of ties is much lower in
ALO, AL1, and AL2 (see the last row of Table 15), the estimation results
are not systematically overturned. Notably, the coefficients of key
parameters, such as the same_NumOrgTasks and same_M and, remain
highly significant and take on very similar values as in our preferred
specification. In addition, the variable same_Boss, albeit significant in
Model (9), is not significant in ALO, AL1, and AL2. Hence, the results
in Table 15 suggest that the assignment of genericO links allows for the
identification of the effect of the same_Boss variable on link formation,
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an effect that would not have been observed otherwise. This supports
our choice of introducing them in our analysis. A similar reasoning can
be made with respect to the interaction variable same_NumOrgT asks X
geo_dist, although its significance level was already lower in Table 3.
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