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Abstract

Objective This study examines the mechanisms underpinning the emergence of violence
among individuals in the organized crime milieu.

Methods Relying on criminal event data recorded by a UK Police Force, we apply a lon-
gitudinal network approach to study violent interactions among offenders. The data span
the period from 2000 to 2016 and include 6,234 offenders and 23,513 organized crime-
related events. Instead of aggregating these data over time, we use a relational event-based
approach to take into consideration the order of events. We employ an actor-oriented
framework to model offenders’ victim choices in 156 violent events in the OC milieu.
Results We find that the choice of offenders to target a particular victim is strongly affected
by their mutual history. A violent act is often preceded by a previous act of violence, both
in the form of repeated violence and reciprocated violence. We show that violence is
strongly associated with prior co-offending turning sour. We uncover a strong effect for
previous harassment as a retaliation cum escalation mechanism. Finally, we find evidence
of conflicts within organized crime groups and of violence being directed to offenders with
the same ethnic background.

Conclusions Relational effects on victimization are consistently stronger than the effects of
individual characteristics. Therefore, from a policy perspective, we believe that relational
red flags (or risk factors) should play a more central role. A focus on harassment could be
valuable in the development of an early intervention strategy.
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Introduction

The use of violence — or its credible threat — is a constitutive element of organized crime
(Reuter and Rubinstein 1978, p. 46; Gambetta 1993, pp. 40-43; see also HMG 2018, p.
11, for a practitioners’ view). Organized crime violence is often a cause of concern among
citizens, law enforcement agencies and policy-makers. An obvious example is Mexico,
where between half and two-thirds of homicides are thought to be linked to organized
crime (Heinle et al. 2013, pp. 18-21): this translates into around 10,000 homicides per year
between 2009 and 2016 (Heinle et al. 2017, p. 13). Organized crime violence, however,
does not just occur in Mexico. While countries characterized by a high level of violence
have attracted media and scholarly attention, the presence of organized crime violence is
by no means limited to those areas. According to the United Nations Office on Drugs and
Crime (UNODC 2019, p. 12), roughly 65,000 homicides every year have been estimated
to be related to organized crime and gangs over the period 2000 to 2017, and 19% of all
global homicides in 2017 have been linked to organized crime and gangs. The impact of
organized crime groups — and the violence associated with their operations — on the lives of
individuals and local communities cannot be underestimated also in countries that are not
commonly associated with severe organized crime problems (Campana and Varese 2018).

In the United Kingdom, for instance, the Director-General of the National Crime
Agency, Lynne Owens, recently stated that violence related to serious and organized crime
“affects more UK citizens, more often, than any other security threat” and “leads to more
deaths in the UK each year than all other national security threats combined” (Dearden,
2018). The city of Malmd, in Sweden, has recently experienced waves of organized crime
violence, including shootings and bombings — a situation similar to what Gothenburg, the
second-largest city in the country, has also witnessed (Isenson 2019; Gothenburg strug-
gling to stop gang crime). While violence is a constitutive element of organized crime,
the conditions under which such violence might erupt remain a still under-explored issue,
particularly from an empirical and quantitative angle. In this paper, we seek to further
explore this issue by focusing on micro-level mechanisms that might lead to the emergence
of organized crime violence in a given setting. In other words, what are the drivers of vio-
lence within what we can call the organized crime ‘milieu’?

To answer this question, we will take a social network analysis approach. Such an
approach will allow us to jointly consider individuals and their relations when looking for
clues about what might increase the likelihood for an individual who is part of the organ-
ized crime milieu to become a victim of violence. We believe that modeling relations
directly is particularly important if we are to further our understanding of organized crime
violence as both organized crime and violence are inherently relational phenomena. To
explore victimization relations, we leverage on a novel data set we obtained from a UK
Police Force which includes 23,513 organized crime-related events logged by the police
during the period 2000-2016 (see Sect. "Organized Crime in Thames Valley" below for
further details).

The paper continues as follows: the next section further explores the issue of violence from
a relational perspective, discussing the (so far) limited body of research exploring organized
crime violence. Next, we discuss our strategy to model victimization, proposing a model that
extends a class of existing network event models for potentially group-based action. Section
"Organized Crime in Thames Valley" presents the context of the study, i.e., the jurisdiction of
Thames Valley Police in the United Kingdom, including a description of the organized crime
milieu in the area, the co-offending networks at play, and the use of violence. The results of
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our analyses are outlined in Sect. "Results". Finally, Section "Discussion and Conclusions"
concludes with a discussion of the results and policy implications.

Networked Violence

Violence is an inherently relational act as, by definition, it is committed by an actor against
another actor. As such, the emergence of violence is best studied from a relational perspec-
tive. In this paper, we define a network by a finite set of actors and the relations among
them (Wasserman and Faust 1994, p. 20). This is different from a competing view, also
present in organized crime studies, which sees networks as a specific form of organization:
see Campana (2016) for a discussion of this debate in criminology. Following Papachristos
(2009) and Bichler et al. (2019), we can term a network-based approach to the study of vio-
lence as ‘networked violence’.

More generally, the relational approach taken in this work is in line with Donald Black’s
idea that social structures are important to understand how violence is generated (Black,
2004b). We echo here his ’social geometry of conflict’ (Black 2004b, see also Campbell
and Manning 2018), and his emphasis on relational distance as an important element in
explaining conflict (Black 1976, also Black 1983). While Black’s insights have inspired an
important qualitative body of works exploring the mechanisms leading to violent conflicts,
including violent predation and violent retaliation (Topalli et al. 2002; Jacques and Wright
2008; Jacobs and Wright 2006; Jacques et al. 2014), and a smaller set of quantitative works
(Jacques and Rennison 2013a, b; Phillips 2003; Bouchard et al. 2021), the formal applica-
tion of network analysis to fully capture the structural (relational) dimension of violence
has lagged behind.

Among the handful of studies to have applied formal network modeling to the study
of violence, Papachristos et al. (2012) looked at the risk of gunshot injury based on one’s
‘high-risk’ social network; Schreck et al. (2004) explored violent victimization in delin-
quent peer groups; Petering et al. (2014) studied violence in the social networks of home-
less youth; Bond and Bushman (2017) investigated the contagion of violence among US
adolescents; and Sijtsema et al. (2010) focused on aggression in adolescents. The applica-
tion of social network analysis to study organized crime violence has been rather limited.

Kennedy et al. (1997) pioneered the use of social network analysis to map gang-level
conflicts in Boston. Using descriptive network measures, they identified which gangs were
more central (in terms of degree and eigenvector centrality) in the undirected network of
conflicts among gangs, with the idea that the most central gangs would be a primary tar-
get for focussed intervention. Using data from Los Angeles, Radil et al. (2010) and Tita
and Radil (2011) expanded on the gang-level analysis of conflict by integrating geo-spa-
tial measures and social network measures (see also Randle and Bichler 2017). Through
a series of spatial dependence models, Tita and Radil (2011) showed that considering the
socio-spatial dimensions of gangs, including their matrix of rivalries, is a superior strategy
than just looking at adjacency-based measures of gang territories.

The idea that relations matter when explaining violence has been further explored in
a series of empirical studies carried out in the US by Papachristos and his colleagues.
Papachristos (2009) modeled gang-related homicides using incident-level data from the
Chicago Police Department between 1994 and 2002. In this work, an instance was defined
as gang-related if either the victim or the offender had been identified as gang member. The
longitudinal nature of the evidence was broken into three cross-sectional data sets for the
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years 1994, 1998 and 2002. This study found that “gang murders create an enduring social
structure that is produced through dominance disputes and the social contagion of prior
interactions” (Papachristos 2009, p. 115). Papachristos et al. (2013) expanded the analysis
of gang-level violence to two cities: Chicago and Boston. They relied on cross-sectional
exponential-family random graph models (ERGMs) to predict, respectively, the 2008-2009
murders network in Chicago and the 2009 fatal and non-fatal shootings network in Boston.
They found that prior conflicts tend to drive violence: “a history of conflict between groups
exerts an effect above and beyond spatial proximity” (Papachristos et al. 2013, p. 439).
This holds true also when controlling for gangs’ racial and ethnic composition as well as
neighborhood structural characteristics. Papachristos et al. (2015) built a co-offending net-
work based on Chicago Police arrest data from 2006 to 2012 and predicted gunshot vic-
timization using a series of logistic regression models. They found that gang members,
who constituted about 39% of the sample, were three times more likely to be a victim of
gunshot and that such victimization increased with exposure to violence in one’s social net-
work (Papachristos et al. 2015, p. 146). Papachristos et al. (2015) studied one year of gun-
shot injuries in Newark, New Jersey, and found that the risk of being a victim of a fatal or
non-fatal gunshot increases the closer one is to a gang member in a co-offending network:
for a non-gang member who is connected to a gang member such probability is 94% higher
(Papachristos et al. 2015, p. 643). In their analysis, they treated their longitudinal evidence
as a single cross-sectional data set and used logistic regression models.

A few studies have taken a different approach and, instead of explaining the emergence
of violence, have looked at violence as a mechanism to foster cooperation both within
and across OCGs. Campana and Varese (2013) have looked at the role of violence within,
respectively, a Russian Mafia group and a Camorra group using a network analysis of
phone conversations wiretapped by the police while Coutinho et al. (2020) considered col-
laboration across members of different Outlaw Motorcycle Gangs in Alberta, Canada. Both
studies have found that violence homophily (i.e., having been jointly involved in an act
of violence) positively impacts criminal non-violent relations. In this work, we focus on
explaining the emergence of violence and we leave aside the separate issue of explaining
collaboration.

In our study, we focus on violence within the organized crime milieu. We define this
‘milieu’ as all the individuals who have at any point co-offended with one or more organ-
ized crime group (OCG) members. Our approach models any act of violence instigated by
an OCG member against either another OCG member or another participant in the organ-
ized crime milieu. Note that this is different from — and complementary to — studying the
search for suitable violent co-offenders, investigated for instance by McCuish et al. (2015).
Our definition of ‘milieu” combines the idea of co-offending (as in McGloin and Nguyen
2013; Morselli et al. 2015; Hashimi et al. 2016 and Charette and Papachristos 2017 among
others) with a seed-based extraction targeted to OCG members similar to Ouellet et al.
(2019) (see also below).

We do not model violence against by-standers or, more generally, against victims with
no recorded involvement in criminal activities. In this, we follow the idea of ‘systemic vio-
lence’ elaborated by Goldstein (1985) (see also MacCoun and Reuter 2001, 2001; Andreas
and Wallman 2009; Bouchard et al. 2021). However, we move beyond the original scope
of Goldstein’s work by considering not just violence associated to the pattern of interac-
tions within the system of drug distribution, but all criminal interactions.

In our work we will seek to answer the following question: why does an OCG mem-
ber decide to victimize person X instead of all the other individuals also present in the
OC milieu at the time he/she makes his/her choice? We will be looking at the effect of
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individual characteristics of the victims, such as their personal criminal history (e.g., past
violent events both as victim and as perpetrator) as well as their gender, OCG member-
ship and ethnicity. Crucially, we will also be looking at joint (relational) characteristics
shared by both offenders and victims, such as their prior co-offending, shared ethnicity and
shared OCG group membership. Finally, we will look at the effect of mechanisms such
as repeated violence, escalation (increasing the severity of the attack from harassment to
violence), retaliation (responding to a previous violent act) and retaliation cum escalation
(responding to harassment with violence).

In this paper, we build on the existing literature on ‘networked violence’ and advance
the current scholarships on organized crime violence in four different ways. Firstly, we take
time into consideration and model time-stamped event data directly using an event-based
model. Secondly, we model victimization choices using an actor-oriented approach spe-
cifically designed for organized crime, i.e., modeling the possibility of group co-offending.
Thirdly, we move beyond homicides and shootings to include a more comprehensive con-
ceptualization of violence (see Sect. "Analytic Plan" below for details). Finally, we offer
the first study of organized crime violence in a setting not characterized by high intensity
of generalized violence, thus advancing a complementary view to that captured in places
such as Chicago (and arguably more similar to the situation faced by many locales, at least
in Europe).

Next, we turn to present in greater detail our modeling approach.

Modeling Victimization

As discussed in the previous section, relational data among offenders derived from sources
such as police records or wiretapped phone calls are often aggregated over time when ana-
lyzed in the form of co-offending networks. By treating longitudinal data in a cross-sec-
tional way, one creates a single network summarizing all known connections between the
individuals under study. Much can be learned from such a representation, for instance how
cohesive the criminal network is and whether some individuals are more central than oth-
ers - characteristics that can shed light on how the criminal underworld operates. However,
there are also important limitations to this approach. Firstly, it disregards a considerable
amount of valuable information related to time. Secondly, if the time periods under consid-
eration are relatively long, collapsing the data into a single cross-sectional data set might
create an artificial network that hardly matches reality (Dividk 2019; Campana and Var-
ese 2020). Therefore, treating such data longitudinally places us in a much better position.
In many secondary data sources, exact times are associated with individual data entries,
whether these are phone calls or police-recorded criminal events. These timestamps allow
us to study criminal networks at a much granular level, i.e. at the relational event level.

In this paper, we use data extracted from police records to study victimization among
offenders. For this, we employ a relational event framework in which the units of analy-
sis are instances of social (offending) behavior between individuals (Butts 2008; Stadtfeld
2012). By considering the sequentiality of events we can assess the role of offenders’ and
victims’ individual as well as relational criminal history in explaining a victimization event.
The model proposed here is based on the intuition that an offender or a group of offend-
ers chooses to victimize a certain individual, and not others. Models of choice among a
finite set of possibilities have a rich history in econometrics (e.g., McFadden 1974; Pudney
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1989). The idea that networks are the result of actions of individual network actors was
first proposed in the stochastic actor-oriented models for network evolution (Snijders 2001;
Steglich et al. 2010; Niezink and Snijders 2017). Later, as more and more network event
stream data started to become available, this idea was extended for relational event data
(Stadtfeld and Geyer-Schulz 2011; Stadtfeld et al. 2017).

Broadly speaking, there are two components to actor-oriented relational event models:
(a) opportunity (i.e., who initiates the next event and when) and (b) choice (i.e., who will
be targeted as ‘receiver’ in the event). Here we focus on the second. Suppose we want
to study victimization events 1, ..., K among a group of individuals N'= {1,...,n}. Let
t, denote the time at which event k takes place, and denote the set of individuals involved
as offender by O, and as victim by v,. Due to the covert nature of criminal activities, it
is unknown who can be considered part of the criminal system at a certain point in time.
Moreover, the composition of the system may change over time, which is especially rele-
vant if a study spans multiple years. In other words, the exact delineation of A/ is unknown
and individuals in A/ may be active in the criminal system only during a specific period.
However, police records have the advantage of providing evidence on the fact that at the
time of an event k, offenders O, are known to be part of the system. We therefore approxi-
mate the period in which individual v was active by

active(v) = [ty — AL fasiy + A 1)

where first(v) and last(v) are the indices of the first and last event individual v was involved
in and At is a time interval to be specified. For the definition of active(v), we do not restrict
ourselves to merely the victimization events, but use all available information, i.e., every
time an offender has entered the police recording system for a law-breaching behavior
(including as a suspect). We estimate the set of individuals who are active in the criminal
system at time ¢ by

A, = {v|t € active(v)}. 2

We will exclude individuals from this set whose death by homicide was reported in police
records before time ¢. No further information is available about people leaving the system
because of other causes, such as relocation or natural death.

Further, suppose we consider p individual covariates and g dyadic covariates (that is,
covariates pertaining to pairs of individuals). Let vector x¥ = (xf,, ... ,xifp ) contain the indi-
vidual covariates of person i at the time of event k. The n X p matrix x* summarizes the
covariates of all individuals at the time of event k. These variables can be constant (e.g.,
dummy variables coding ethnicity) or time-varying (e.g., the number of times individual i
has committed a violent act prior to event k). The dyadic covariates at the time of event k
are summarized in n X n X g array w* with its entries wfﬁl denoting the value of attribute /
of the relation of individual i with individual j at time #,. These variables too can be con-
stant (e.g., i and j having the same ethnicity) or time-varying (e.g., the number of times
individuals i and j have co-offended prior to event k). In this paper, we focus on individual
and dyadic covariates only, but the model elaborated below can be extended straightfor-
wardly to include higher-order relational mechanisms (e.g., the tendency to not co-offend
with prior co-offenders’ victims). Let w’é denote the |G| X |G| X g array consisting of the
dyadic variables among the individuals in group G at the time of event k, with |G| the size
of group G.

We use a conditional logit model to model the probability that offenders O, at event k
select victim i
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exp (ﬂTs(xfk , w’(‘i’ok } ))

Z exp <ﬂTs(x/]'< ’ WIEMQ)

JjE -Ark \Ok

p(lk | ﬁ’ Ok’xk’wk) = ’ ik € Afk \ Ok ’

3)

where A, \ O, denotes the individuals at risk of being victimized — the offenders choose
to victimize someone not in the offender group who is currently active in the criminal sys-
tem. Expression (3) can be interpreted from a utility maximization perspective (McFadden
1974), where we assume that offenders O, choose their victim by maximizing the utility
function given by f7s(-) plus a random term with standard Gumbel distribution.

In existing actor-oriented network models, there usually is a single sender and a single
receiver involved in a social tie or in an event (Snijders 2001; Stadtfeld 2012). In the con-
text of criminal offending, however, more than one individual can be involved as offender.
To take this into consideration, the model proposed here takes the statistics s(-) to be func-
tions of characteristics of the offender group (or solo offender) and the victim.

Estimation

We estimate parameters f using maximum likelihood estimation. Since we are only focus-
ing on modeling the victim choices and not the timing of the victimization events, the like-
lihood is

K
L(B) = [ ] plic | B. O 6, wh). 4)
k=1

This likelihood is equal to the partial likelihood of a full relational event model (e.g., Stadt-
feld and Block 2017) and to that of a special case of a Cox proportional hazards model
(Aalen et al. 2008). It follows from Perry and Wolfe (2013) that, under some technical
assumptions, the maximum likelihood estimator (MLE) based on (4) is consistent, and that
the corresponding covariance matrix can be estimated by the inverse of the observed Fisher
information matrix, the negative Hessian of log L(f) evaluated at the MLE.

Organized Crime in Thames Valley

In this work, we study organized crime violence in the jurisdiction of the largest non-met-
ropolitan police force in England and Wales: Thames Valley Police (TVP). TVP covers
a population of about 2.1 million people in the South East of England and includes cit-
ies such as Oxford (pop. 170,350 in 2016), Reading (pop. 255,615), Milton Keynes (pop.
182,265), Slough (pop. 155,749) and High Wycombe (pop. 106,996) (Office for National
Statistics 2018). In terms of OCGs per million population, TVP ranked around average
across all forces in England and Wales (HMIC 2017). For our study, we rely on a novel
data set that includes all police-recorded events in which at least one OCG member was
involved as well as their co-offenders between 2000 and 2016. We use the (very sparse)
data we have on events before 2000 only to inform the start time of offenders’ activity in
the criminal milieu.

Groups are classified as organized crime by TVP following the guidelines included
in the ‘Organised Crime Group Mapping Manual’. Such definition of organized crime is
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rather broad and thus able to include a wide variety of groups in terms of both size and
activities: “Individuals, normally working with others, with the capacity and capability to
commit serious crime on a continuing basis, which includes elements of: planning/ control/
coordination/ structure/ group decision making [form an OCG]. Serious crime is defined
[...] as crime that involves the use of violence, results in substantial financial gain or is con-
ducted by a large number of persons in pursuit of a common purpose, or crime for which
a person aged 21 or over on first conviction could reasonably expect to be imprisoned for
three or more years.” (NCO 2010, pp. 15).

The TVP definition of organized crime is in line with the national UK definition adopted
by the National Crime Agency Agency as well as the definition set out in the 2000 UN
Protocol on Transnational Organized Crime (UN 2000), which has over the years become
a template for many definitions across the world. The average size of the organized crime
groups operating in the TVP jurisdiction is 5.4 members, and the largest group includes 21
members (the average size is in line with results from the US and Canada: see Bouchard
and Morselli (2014) for a survey of such studies). It is important to note that what is classi-
fied as ‘organized crime’ by UK police forces may be classified as ‘gangs’ by their Ameri-
can counterparts — for a further discussion on the concepts of organized crime and gangs,
we refer to Decker and Pyrooz (2013), Campana and Varese (2018).

Offenders are then classified by the police as member of an OCG on the basis of a value
judgment by analysts and police officers, which in turn is based on confidential evidence,
official police records and members’ self-identification. As we only obtained access to fully
anonymized police records — and not to confidential intelligence about groups and indi-
viduals — in this paper we can only rely on police-based membership attribution as well
as police-based groups’ boundary specification; this is a rather common strategy adopted
by scholars when using police-generated data to study organized crime networks (see, for
example, Papachristos et al. 2013, 2015; Ouellet et al. 2019; Calderoni 2012; Varese 2013;
Campana and Varese 2013). Police data come with well-known limitations: they might be
influenced by the level of enforcement, policing priorities, recording practices and resource
constraints (Morselli 2009; Malm and Bichler 2011; Campana and Varese 2012; Faust and
Tita 2019; Campana and Varese 2020). Yet, Faust and Tita (2019), Campana and Varese
(2020) show that this source of data can still provide insightful information that is other-
wise not accessible to researchers. The studies discussed in "Networked Violence" testify
to the wide use of police data in studying networked violence.

The data provided to us were extracted from the police data system using OCG mem-
bers as seed individuals. This means that we have information on all the events in which at
least one OCG member was involved, either as offender or victim, together with informa-
tion on other offenders and victims connected to these events. This gives us complete net-
work information — as far as the police coverage goes — on links (a) among OCG members
and (b) between OCG members and non-OCG members. Records of offenses perpetrated
by non-OCG members in which no OCG member was involved do not appear in the data.
All personal information has been fully anonymized by the police prior to data sharing.

Our data set includes 23,513 organized crime-related events and 15,895 individuals. In
this paper, we focus on the 6,234 individuals who appeared as offender in the data at least
once. We will refer to these individuals as the organized crime ‘milieu’ (OC ‘milieu’) — all
of them were either an OCG member or had co-offended with one. The ‘events’ included
in our data set are not limited to instances where an individual was arrested. Rather, they
include instances where a person was simply ‘detected’ as well as when he or she was
considered a ‘suspect’, or ‘charged’. We have also included instances in which ‘no fur-
ther action’ was taken. Additionally, we have events labelled as ‘Postal requisition’ (a type
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of summon) and a residual ‘other’ category. The nature of events is the broadest possible
based on police records, and offer the best proxy for a criminal milieu short of access to
confidential intelligence information.

Most likely, offenders in our data are not part of the OC milieu for the entire period of
16 years that our data cover. To account for this change in composition of the OC milieu,
we define the time during which an individual is active in the milieu as the period between
two years before the individual’s first occurrence in the data and two year after the final
occurrence. This is equivalent to setting Ar = 2 in expression (1).' Since a time-window
approach has never been applied to this type of data or analysis, we broadly follow Pyrooz,
Sweeten, and Piquero (2013, pp. 259) and Ouellet et al. (2019, pp. 12) in setting the +2
year time-window in our models.

Operationalizing Violence

In this paper, we take a broader approach to violence that goes beyond homicides and
shootings. Our operationalization of violence encompasses the following crime types:
murder and attempted murder; assault wounding others (endangering life), assault with
injury and assault occasioning actual bodily harm; grievous bodily harm with and with-
out intent; and manslaughter. It also includes racially aggravated actual bodily harm and
racially aggravated grievous bodily harm. We treat harassment and threats separately from
violence.

In our data set, there is a total of 2,047 events of violence against a person recorded
between 2000 and 2016. Of these 2,047 events, 407 events involve a victim who is also in
the OC milieu.> Although domestic violence did occur in the OC milieu, we disregard it
in this study (112 events) because of its different nature and underlying mechanisms.? The
OCG nature of the offender(s) and victim involved in the 295 non-domestic violent events
is summarized in Table 1. We focus on the 156 OCG-instigated violent events (that is,
events instigated by an OCG offender or an offender group with at least one OCG member)
in our statistical analysis, since we know their complete victimization behavior within the
OC milieu. Violent events can be thought of the result of the victim choice process under-
took by an offender or group of offenders and, as such, they constitute our network depend-
ent variable. Information on violence directed outside the OC milieu as well as information
on violence from non-OCG members to OCG members is only incorporated in covariates.

! Qur data do not give information about how long an arrest lasted and whether the individuals were subse-
quently convicted. If available, this information could be leveraged in the definition of when an individual
is active.

2 For seven violent events, police records indicate that they involved multiple victims in the OC milieu. We
scrutinized these events further and found that only one was the actual victim (‘aggrieved’ in police termi-
nology) while the others were either a vulnerable witness or a person reporting the crime. We decided to
consider the ‘aggrieved’ individual as the primary victim and to disregard the other actors.

3 We gratefully acknowledge one of the reviewers who advised us to look into domestic violence. Violent
events in the data were not originally coded as domestic versus non-domestic. However, the data did con-
tain (non crime) domestic incidents as a separate category of events. We therefore defined a violent event
to be domestic if the victim and (one of) the offender(s) had been co-involved in a (non crime) domestic
incident. Such events were then removed from the analysis.
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Table 1 Number of violent events in the criminal milieu

Victim

OCG member Non-OCG member
OCG-instigated 27 129
Non OCG-instigated 139 -

Of the 156 OCG-instigated violent events, 27 targeted OCG members and 129 targeted non-OCG members.
Violence among non-OCG members is not included in the data.

Analytic Plan

To explore the antecedents of violent victimization in the OC milieu, we apply the rela-
tional event framework discussed in Sect. "Modeling Victimization" to the data on organ-
ized crime in Thames Valley. That is, we model the choices of offenders and offender
groups to target a particular victim in the OC milieu. In our analysis, we consider three
models with different individual and network predictors.

In Model 1, the baseline model, we include individual characteristics of the victim, such
as gender, ethnicity, an indicator for OCG membership, and whether he or she shares the
same ethnicity with the offender(s). We also include a variable capturing whether the vic-
tim is a member of the same OCG as the offender(s). We treat a violent event with multiple
offenders as follows: if more than half of the individuals in the offender group have the
same ethnicity as the victim, we set the ‘same ethnicity’ variable to 1, otherwise to 0.4 For
OCG membership, if any of the individuals in the offender group is part of the same OCG
as a victim, we set the ‘same OCG’ variable to 1.

In Model 2, we add covariates that take into account the individual criminal history of
the victim, that is, whether or not a victim has ever participated in various types of criminal
activities (fraud, theft, etc.). We choose to code an individual’s criminal history in binary
terms instead of how often an individual has participated in these events to minimize
biases associated to the nature of police records, and thus obtain a more robust measure
for our models. In Model 3, we add joint relational information on the victims’ and offend-
ers’ criminal history. We include a binary covariate indicating whether anyone from the
offender group has ever co-offended with the victim on any type of criminal activity. We
also include a variable capturing whether the victim has ever been victimized by anyone in
the offender group before (repeated violence) or has ever victimized anyone in the offender
group (reciprocated violence). We include the same variables for harassment, considering
whether the victim has ever been harassed by anyone from the offender group in the past or
has harassed any of the offenders.

4 We set the same ethnicity variable to 0 for any comparison with an individual whose ethnicity was not
identified. Since 0 can represent a pair having both the same ethnicity as well as a potentially yet unknown
different one, this setup will make it more difficult to detect a same ethnicity effect.
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Results

We now turn to present the results of our analysis, beginning with a description of the OC
milieu in Thames Valley and the violence associated.

The OC Milieu

Of the 6,234 individuals observed in the OC milieu, 833 (13.4%) are classified as OCG
member, operating in 164 police-identified groups, and 5,401 (86.6%) as non-OCG mem-
ber. These individuals were likely not part of the milieu during the entire period of 16
years, and Figure 1 (left) shows the numbers of the OCG and non-OCG members active
in the OC milieu over time, estimated according to definition (1), with Az = 2 years. The
number of OCG members in the milieu is fairly stable during the whole period. The num-
ber of non-OCG members, however, increases over time as more events are recorded from
2005 on. Figure 1 (right) shows the number of OCG-instigated violent events by year,
which reflects this trend.

Table 2 presents a summary of gender, ethnicity and activity statistics for both OCG
members and non-members. The overwhelming majority of OCG members are male
(93.2%); this percentage is slightly lower for non-OCG members (84.5%). To code ethnic-
ity, we created a simplified categorization relying on police-reported ethnicity when the
self-identified ethnicity was either mixed (e.g., ‘white and Asian’) or missing. Half of the
OCG members are white, while both black and Asian individuals constitute roughly one-
fourth of the OCG population. The number of OCG members classified as Middle Eastern
is negligible. For 13.3% of the non-members, both self- and police-reported ethnicity infor-
mation is missing. This is true for only 1.1% of the OCG members.

In terms of activities, OCG members are much more active in drug dealing — both hard
drugs (Class A) and cannabis — than non-OCG members: 60.3% of the OCG members have
been involved in hard drugs-related offenses and 41.7% in cannabis-related offenses (this
is, respectively, 15.6% and 1.7% for the other offenders in the OC milieu). OCG members
are also more likely to resort to criminal damage (43.2%) than non-members (7.7%).

Violence

Table 3 offers a summary picture of the involvement of individuals in the OC milieu in
(non-domestic) violence and harassment. Roughly half of the OCG members have been
involved in an act of violence as offender (51.0%) and one-fourth have been victim of
violence (25.6%). Among the non-members, these percentages decrease to, respectively,
17.2% and 2.1%.

Violence appears to be mostly a group endeavor with 82.2% of offenders having acted
in group in our data. We reconstructed the structure of the network of co-offending in
violence (aggregated over time), and we found it rather fragmented with only 2.8% of all
nodes in the OC milieu being in the largest component. Of the offenders who have been
violent, 13.1% was part of this largest component. This could be a reflection of the lack of
coordination across OCGs, i.e., they act independently when dealing with violence.

Figure 2 plots the violent victimization relations (451 ties) among members of the OC
milieu between 2000 and 2016. Note that, in this figure, a tie can reflect more than one
victimization event. At the same time, if an event involves multiple offenders, it gives rise
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Fig. 1 Left: number of OCG and non-OCG members active in the OC milieu at the time of each of the
events in the data, for Az = 2 years. Right: number of OCG-instigated violent events by year

to multiple ties in this network. Of the 236 victims of violence in the OC milieu, 192 were
victimized once by other individuals also active in the OC milieu (81.4%), 33 were victim-
ized twice, and 11 more than two (up to five) times.

Zooming into OC-instigated violence, there are 156 events of violence in the OC milieu
instigated by an OCG offender or an offender group with at least one OCG member. Fig-
ure 3 shows the characteristics of violent events. In 89 events, the victim had previously
been a violent offender and in 35 events the victim had been a prior violence victim. For
harassment, these figures are, respectively, 23 and 12.

Furthermore, of the 156 events, 42 involved a female victim (for a total of 34 individual
women). In 27 events, the victim was an OCG member and in 15 the victim was part of the
same OCG as the offender (or at least one individual in the offender group). We find that
in 34 events the victim had co-offended with the offender(s) prior to the violence event of
interest. In 17 events, the victim had been a prior violence victim of the offender(s) and in
6 events the victim had previously been violent towards the offender(s). When looking at
harassment, the number of events is, respectively, 4 (prior victim) and 5 (prior harassment).

Relational Event Models

We now turn to present the results of our models (Table 4). The models in this table esti-
mate the determinants of organized crime-instigated violence strictly conceived, i.e., they
are estimated on the 156 events in which at least one of the offenders was an OCG member.

Model 1 shows that, in the OC milieu, OCG members are generally less likely to be a
victim of organized crime-instigated violence. To put it in another way, OCG members
are more likely to victimize non-OCG members. However, this does not apply to cases
in which the victim belongs to the same OCG as the offender(s). In our analysis, we find
a quite strong effect of internal violence within the same OCG. Further, women who are
active in the OC milieu are more susceptible to violent victimization than men: of the 833
women in the OC milieu, 34 (4.1%) became a victim of OCG-instigated violence at some
point, while this was true for 104 out of the 5401 men (1.9%). Finally, violence tends to
happen within the same ethnicity as offenders tend to select victims with whom they share
the same ethnic background.

Model 2 adds the victim’s individual criminal history to the analysis. We find that a
person who has been subject to prior violent victimization is more likely to become a vic-
tim of violence. In Model 3, we further explore the relationship between past violence/
harassment and future victimization. While Model 2 looked at the victims’ criminal history
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Table 3 Violence and harassment in the OC milieu

OCG members Non-members All
N (%) N (%) N
As Offender  Violence 425 (51.0) 931 17.2) 1356
Harassment 396 47.5) 324 (6.0) 720
As Victim Violence 213 (25.6) 113 2.1) 326
Harassment 160 (19.2) 70 (1.3) 230

in isolation, in Model 3 we take a relational criminal history approach. In other words, we
shift the focus onto pairs “offender(s)—victim", and look if a pair has been involved in any
joint activity in the past. When accounting for pair-specific effects, we see that the effect of
the individual victimization history disappears and that repeated interactions among pairs
best explain the violent victimization patterns we observe in the data. More specifically,
we find a strong effect for repeated violence (once a victim enters a violent interaction, he/
she is more likely to be victimized again) and that violence tends to be reciprocated. We
also find an effect of previous harassment from the victim against the offender. Thus, when
a victim is targeted, not only prior violence but also prior harassment appears to have a
strong effect. This is a novel, relevant, finding that calls for further exploration using addi-
tional data sets.

Finally, when including an effect for previous co-offending, we see that the effect of
co-membership in the same OCG significantly reduces in strength: this indicates that prior
co-offending accounts for a large part of within-group victimization.

To summarize our results, in Fig. 4 we present the odds ratios for the variables included
in Model 3 which, once again, looks at organized crime-instigated violence.” What are the
factors, then, that drive OCG-instigated victimization in the OC milieu? In our analysis,
we observe a very strong effect of repeated victimization: having been a victim before
increases the odds of future violent victimization by a factor of 212. An equally strong
effect — and perhaps more surprisingly — is the key role played by past harassment perpe-
trated by the future victim against his or her future offender: having previously harassed
the offender increases the odds of victimization by a factor of 243. Since violent victimi-
zation is a more severe response to previous harassment, we can term this mechanism as
‘retaliation cum escalation’. Violence is also likely to be reciprocated: having attacked the
victim in the past increases the odds of being attacked by the former victim by a factor of
479. Note that these very large numbers are partially due to our small event sample size.
Although the effects are clearly positive and statistically significant, future research should
shed further light on effect sizes.

Previous co-offending has an impact on future victimization, increasing the odds of
future victimization at the hands of the co-offender(s) by slightly more than 56 times.
Things do turn sour among co-offenders.

5 The confidence intervals for some of the odds ratios are quite wide, especially for the victim-offender(s)
dyadic effects of previous harassment and violence. This indicates that the odds ratio estimates from the
sample are imprecise. However, we should note that, in most of these cases, the entire confidence interval
range corresponds to a considerable effect on the odds of being victimized. Future research based on more
events should shed further light on effect sizes.
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Fig.2 Victimization network for violence against a person aggregated over the period 2000 to 2016. The
red nodes represent OCG members, the black nodes represent non-members

Finally, three more insights emerge from the data. Firstly, internal violence within
OCGs is strongly present: being part of the same group as the offender(s) increases the
odds of being ‘chosen’ as a victim by a factor of 7.8. Secondly, violence is more likely to
happen within the same ethnicity: sharing the same ethnic background with the offender(s)
increases the odds by a factor of 3.2. Finally, being a woman active in the OC milieu
increases the odds of victimization by a factor of 2.2.5

® When repeating the analysis for a different definition of when an offender is active in the OC milieu
(At = 1 year in equation (1)), we obtain the same results as in Model 3. When we run the analysis on the
112 events that only involve men, the effect of a history in theft on being victimized reduces and is no
longer significant. The other effects remain roughly the same. Further research on a larger sample of violent
events is needed to shed light on the differential factors contributing to the victimization of women in the
OC milieu.
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Discussion and Conclusions

In this paper, we explored the micro-level mechanisms that underpin the emergence of
organized crime-instigated violence. We did so by adopting a network approach, modeling
interactions among organized crime members and other individuals operating in what we
have defined the ‘OC milieu’ (i.e., individuals who were an OCG member or, at any stage,
co-offended at least once with an OCG member). To model such interactions, we relied on
police-recorded events between 2000 and 2016.

Compared to previous works on ‘networked violence’, we shifted the focus from settings
in the mist of a ‘gun epidemic’ or characterized by chronic high levels of violence to more
‘middle-of-the-road’ places. The jurisdiction of Thames Valley Police in the UK is one of
such places: it records an average number of OCGs compared to England and Wales, and
it is situated in a national jurisdiction — England and Wales — with an overall low homicide
rate (1.2 per 100,000 population in 2017 compared to a World average of 6 and the US
average of 5.3; UNODC 2019). Yet, OCGs do operate in such settings and violence does
happen - although the mechanisms underpinning such violence have yet received very little
empirical attention.

Our relational analysis of violence is built around two key elements: (a) time and (b)
the offender’s choice of victim. We furthered previous works on networked violence by
fully taking into account the sequence of events. We did so by relying on a relational event-
based approach. Secondly, we tackled the issue of victimization from the perspective of
the perpetrator(s) modeling their choice of victim. We did so by using an actor-oriented
approach. Broadly speaking, we sought to answer the following question: why did an OCG
member choose to victimize person X instead of all the other individuals also present in the
OC milieu at the time he/she has made his/her choice? To take into account the specificity
of organized crime, we have extended our models to contemplate the possibility of multiple
offenders acting in concert at the same time.

In this work, we defined violence in broader terms than homicides and gun shootings,
including various types of assaults causing injuries. Roughly half of the OCG members
have been involved in an act of violence in the period under consideration and one fourth
have been recipient of violence. In the context of organized crime, violence is mostly a
group endeavor with more than 80% of offenders acting in group. The network of co-
offending in violence is rather fragmented, suggesting a lack of coordination across OCGs
when dealing with violence (i.e. they act independently).

Our analysis has clearly pointed to the importance of relational factors to explain the
emergence and persistence of violence in the OC milieu. Such factors play a very strong
role. When both individual and relational factors are modeled, the effects for victim-
offender relationships are constantly stronger than victims’ personal and criminal charac-
teristics. In short, relations do matter — and to a great extent (in line with Black 2004a’s
social geometry of conflict).

Our analysis has shown that the emergence - and persistence - of violence can be
explained by four main sets of mechanisms. The first relates to violence itself. In the OC
milieu, violence is likely to be reciprocated and repeated (this is in line with previous find-
ings, e.g., Papachristos 2009; Papachristos et al. 2013). As an activity, violence can be
subject to a ‘tit-for-tat” mechanism that generates cycles of violent events. Secondly, we
found strong evidence of an escalation mechanism linked to previous harassment, i.e. a
former victim of harassment deciding to retaliate and escalate at the same time by resorting
to violence.
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Fig.4 Odds ratios with 95% confidence intervals for victim characteristics effects in Model 3, estimated on
the OCG-instigated violent events (gray dots indicate non-significant effects)

Thirdly, violence is the result of criminal activities turning sour. It is clear from our
analysis that, if you operate in the OC milieu, the risk of violent victimization is far more
likely to come from people you know and who you have worked with. Finally, while
belonging to an OCG appears to decrease one’s risk of being selected as victim of violence
in general, it increases the risk of being attacked by your fellow group members. Again,
violence comes from very close to home.

Further, we explored the gender dimension of OC-instigated violence and found that
women who are active in the OC milieu are more susceptible to violent victimization than
men. This result adds to the very limited evidence currently available on women in organ-
ized crime. However, further investigation is much needed to better understand the role of
and threats to women within the OC milieu, as well as the extent to which certain mecha-
nisms (such as harassment-based ones) are gender-specific.

As with all the analyses based on police records, our work suffers from some limita-
tions. An important one is that our evidence only shows events that have come to the atten-
tion of the police, therefore our results might be impacted by missing data in a non-negligi-
ble way (for example, assaults might have not been detected or, even more so, episodes of
harassment). This is a common issue for covert network analysis. With this caveat in mind,
we still consider such data an invaluable — and difficult to substitute — source of informa-
tion (in line with the literature discussed in Sect. “Networked Violence”). Secondly, the
results are not immediately generalizable beyond Thames Valley; however, they resonate
with findings from other settings. A replication of this event-based study in other locales
characterised by both low and high levels of violence would be invaluable for ascertain-
ing which patterns are general and which are setting-specific. Alas, this would help shed
further light on the extent to which certain mechanisms, particularly the harassment-
based ones, are generalizable beyond TVP. Thirdly, this study focuses on the choice of an
offender or a group of offenders to target a specific victim. The exact time between events
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(e.g., time until retaliation) and the formation of offender groups are two very interesting
processes that merit attention in future studies. In particular, the topic of actor-oriented
modeling of group formation and group action is an underexplored but important area of
methodological research.

Finally, we believe that our findings might have important policy implications for police
and other agencies trying to curb the emergence and persistence of violence in a given
area. We believe our approach can help them better understand the mechanisms underpin-
ning the emergence of violence and the risk factors associated to both individuals and rela-
tionships. Our work has shown the importance of taking relationships into account when
developing red flags. It is not just individuals that matter, but even more so the relation-
ships they develop. Red flags (and risk factors) should therefore not only be based on indi-
vidual characteristics but also relational ones. Secondly, we highlighted the importance of
a number of mechanisms, including the key role played by harassment in the emergence
of future violence. Focusing on harassment can help police forces and other agencies de-
escalate conflicts and — crucially — identify at an early stage relationships that are more
likely to turn sour.

Appendix A: Robustness checks

As robustness checks, to further control for the potential effects of intimate partner vio-
lence, we have run our analysis estimating Model 3 only on the violence events that
involved male offenders and a male victim (Table 5). Since none of the victims in these
events were previously harassed by their offender(s), we excluded the corresponding effect
from the model. We find that the results are largely consistent with those in Model 3 (see
the second column of Table 5). We have also estimated Model 3 with a different choice of
time At for defining the time window during which offenders are active in the OC milieu.
For this model, we found the parameter estimates to be exactly the same as those reported
for Model 3.
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Table 5 Model 3 results for

only the events with both a male
victim and male offender(s) and par. s.e. par. s.e.
the original Model 3 results

Male-only events ~ Model 3

Female 0.78"* 0.20
OCG member -0.90"* 038 —-0.95" 036
Ethnicity - Asian 0.68 0.28  0.28 0.25
Ethnicity - black 0.32 031 -0.14 0.28
Same OCG 1.96°* 049  2.05"* 0.46
Same ethnicity 1.53"* 025 117 0.22
Has been

Violence victim 0.22 022 0.16 0.22
Violence offender 0.01 0.07 -0.03 0.07
Harassment victim 0.25 048 0.12 0.46
Harassment offender 0.12 0.38 -0.07 0.36
Hard drugs offender -0.22 033  -0.09 0.27
Cannabis offender -0.90 0.52 —-0.63 0.48
Theft offender -0.16 023 —-047" 021
Damage offender 0.15 035 0.22 0.31
Has co-offended on

Any activity 3.27 034 4.02% 0.28
Repeated violence 4.54* 0.61  5.35% 0.54
Reciprocated violence 6.31"* 092  6.17" 0.83
Been harassed by offender(s) 1.60 0.96
Has harassed offender(s) 4.02%" 145 549 0.95
Number of events 112 156

*p < 0.05; *p < 0.01; **p < 0.001 (two-tailed)

Acknowledgements We are grateful to the Editor and three anonymous Referees for their very insightful
comments. We are also extremely grateful to Thames Valley Police for sharing their data with us. In particu-
lar, we wish to express our sincere gratitude to Superintendent Marc Tarbit and Data Analyst Alastair Nall
for their crucial support.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

@ Springer


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

Journal of Quantitative Criminology

References

Aalen O, Borgan O, Gjessing H (2008) Survival and event history analysis: a process point of view. Springer
Science & Business Media, New York

Agency NC (2020) National strategic assessment of serious and organised crime. Her Majesty’s Govern-
ment, London

Andreas P, Wallman J (2009) Illicit markets and violence: what is the relationship? Crime, Law and Soc
Change 52(3):225-229

Bichler G, Norris A, Dmello JR, Randle J (2019) The impact of civil gang injunctions on networked vio-
lence between the bloods and the crips. Crime & Delinq 65(7):875-915

Black D (1976) The behavior of law. Emerald Group Publishing

Black D (1983) Crime as social control. Am Soc Rev, pp 34-45

Black D (2004) Sociological theory. The Geomet Terrorism 22(1):14-25

Black D (2004) Violent structures. From theory to research, Violence, pp 145-158

Bond RM, Bushman BJ (2017) The contagious spread of violence among US adolescents through social
networks. Am J Public Health 107(2):288-294

Bouchard M, Morselli C (2014) Opportunistic structures of organized crime. The Oxford handbook of
Organiz Crime 1, pp 288-302

Bouchard M, Soudijn M, Reuter P (2021) Conflict management in high-stakes illegal drug transactions. The
British J Criminol 61(1):167-186

Butts CT (2008) A relational event framework for social action. Soc Methodol 38(1):155-200

Calderoni F (2012) The structure of drug trafficking mafias: the ndrangheta and cocaine. Crime, law and
Soc Change 58(3):321-349

Campana P (2016) Explaining criminal networks: strategies and potential pitfalls. Methodological Innova-
tions, 9

Campana P, Varese F (2012) Listening to the wire: criteria and techniques for the quantitative analysis of
phone intercepts. Trends in Organ Crime 15(1):13-30

Campana P, Varese F (2013) Cooperation in criminal organizations: kinship and violence as credible com-
mitments. Rational Soc 25(3):263-289

Campana P, Varese F (2018) Organized crime in the United Kingdom: illegal governance of markets and
communities. The British J Criminol 58(6):1381-1400

Campana P, Varese F (2020) Studying organized crime networks: data sources, boundaries and the limits of
structural measures. Soc Netw

Campbell B,  Manning J (2018) Social geometry and social control. The handbook of social control, pp
50-62

Charette Y, Papachristos AV (2017) The network dynamics of co-offending careers. Soc Netw 51:3-13

Coutinho JA, Diviak T, Bright D, Koskinen J (2020) Multilevel determinants of collaboration between
organised criminal groups. Soc Netw 63:56-69

Dearden L (2018) Serious and organised crime kills more people than terrorism in the UK, warns NCA. The
Independent. Retrieved from https://www.independent .co.uk/

Decker SH, Pyrooz DC (2013) Gangs: another form of organized crime. In: Paoli L (ed) The Oxford hand-
book of organized crime. Oxford University Press, New York

Diviak T (2019) Key aspects of covert networks data collection: problems, challenges, and opportunities.
Soc Netw

Faust K, Tita GE (2019) Social networks and crime: pitfalls and promises for advancing the field. Ann Rev
Criminol 2:99-122

Gambetta D (1993) The Sicilian mafia: the business of private protection. Harvard University Press, Cam-
bridge, MA

Goldstein PJ (1985) The drugs/violence nexus: a tripartite conceptual framework. J Drug Issues
15(4):493-506

Gothenburg struggling to stop gang violence. (2015). The Local. Retrieved from https://www.thelocal.se/

Hashimi S, Bouchard M, Morselli C, Ouellet M (2016) A method to detect criminal organizations from
police data. Methodol Innovat 9:2059799115622749

Heinle K, Rodriguez Ferreira O, & Shirk DA (2013) Drug violence in Mexico. Data and analysis through
2013. San Diego: Department of Political Science and International Relations, University of San Diego

Heinle K, Rodriguez Ferreira O, & Shirk DA (2017) Drug violence in Mexico. Data and analysis through
2016. San Diego: Department of Political Science and International Relations, University of San Diego

HMG (2018) Serious and organised crime strategy. Her Majesty’s Government, London

HMIC (2017) PEEL: Police effectiveness 2016. A national overview. London: her Majesty’s Inspectorate of
Constabulary

@ Springer



Journal of Quantitative Criminology

Isenson N (2019) Bombs, shootings are a part of life in Swedish city Malmo. Deutsche Welle. Retrieved
from https://www.dw.com/

Jacobs BA, & Wright R (2006) Street justice: retaliation in the criminal underworld. Cambridge University
Press

Jacques S, Rennison CM (2013) Reflexive retaliation for violent victimization: the effect of social distance
on weapon lethality. Violence and victims 28(1):69-89

Jacques S, Rennison CM (2013) Social distance and immediate informal responses to violent victimization.
J Interpersonal Violence 28(4):735-754

Jacques S, Wright R (2008) The relevance of peace to studies of drug market violence. Criminology
46(1):221-254

Jacques S, Wright R, Allen A (2014) Drug dealers, retaliation, and deterrence. Int J Drug Policy
25(4):656-662

Kennedy DM, Braga A, Piehl AM (1997) The (un)known universe: mapping gangs and gang violence in
Boston. In: Weisburd D, McEwen T (eds) Crime mapping and crime prevention. Criminal Justice
Press, Monsey, NY, pp 219-37

MacCoun RJ, Reuter P et al (2001) Drug war heresies: learning from other vices, times, and places. Cam-
bridge University Press, UK

Malm A, Bichler G (2011) Networks of collaborating criminals: assessing the structural vulnerability of
drug markets. J Res Crime and Delinq 48(2):271-297

McCuish EC, Bouchard M, Corrado RR (2015) The search for suitable homicide co-offenders among gang
members. J Contemp Criminal Justice 31(3):319-336

McFadden D (1974) Conditional logit analysis of qualitative choice behavior. In: Zarembka P (ed) Frontiers
in economics. Academic Press, New York, pp 105-142

McGloin JM, & Nguyen H (2013) The importance of studying co-offending networks for criminological
theory and policy. Crime and Netw, pp 13-27

Morselli C (2009) Inside criminal networks. Springer, New York

Morselli C, Grund T, Boivin R (2015) Network stability issues in a co-offending population. Preventing
crime and network analysis, Crime prevention studies, pp 47-65

NCO (2010) Organised crime groups mapping manual. Her Majesty’s Government, London

Niezink NMD, Snijders TAB (2017) Co-evolution of social networks and continuous actor attributes. Ann
Appl Statistics 11(4):1948-1973

Office for National Statistics. (2018). Mid-year population estimates for major towns and cities, 2016.
Retrieved from https://www.ons.gov.uk/

Ouellet M, Bouchard M, Charette Y (2019) One gang dies, another gains? The network dynamics of crimi-
nal group persistence. Criminology 57(1):5-33

Papachristos AV (2009) Murder by structure: dominance relations and the social structure of gang homi-
cide. Am J Soc 115(1):74-128

Papachristos AV, Braga AA, Hureau DM (2012) Social networks and the risk of gunshot injury. J Urban
Health 89(6):992-1003

Papachristos AV, Braga AA, Piza E, Grossman LS (2015) The company you keep? The spillover effects
of gang membership on individual gunshot victimization in a co-offending network. Criminology
53(4):624-649

Papachristos AV, Hureau DM, Braga AA (2013) The corner and the crew: the influence of geography and
social networks on gang violence. Am Soc Rev 78(3):417—447

Papachristos AV, Wildeman C, Roberto E (2015) Tragic, but not random: the social contagion of nonfatal
gunshot injuries. Soc Sci & Med 125:139-150

Perry PO, & Wolfe PJ (2013) Point process modelling for directed interaction networks. J Royal Statistical
Soc: Series B: Statistical Methodol, pp 821-849

Petering R, Rice E, Rhoades H, Winetrobe H (2014) The social networks of homeless youth experiencing
intimate partner violence. J Interpersonal Violence 29(12):2172-2191

Phillips S (2003) The social structure of vengeance: a test of black’s model. Criminology 41(3):673-708

Pudney S (1989) Modelling individual choice: the econometrics of corners, kinks, and holes. Basil Black-
well, Oxford

Pyrooz DC, Sweeten G, Piquero AR (2013) Continuity and change in gang membership and gang embed-
dedness. J Res Crime and Delinq 50(2):239-271

Radil SM, Flint C, Tita GE (2010) Spatializing social networks: using social network analysis to investi-
gate geographies of gang rivalry, territoriality, and violence in Los Angeles. Ann Assoc Am Geograph
100(2):307-326

@ Springer



Journal of Quantitative Criminology

Randle J, Bichler G (2017) Uncovering the social pecking order in gang violence. In: LeClerc B, Savona
EU (eds) Crime prevention in the 21st century: insightful approaches for crime prevention initiatives.
Springer, Cham, Switzerland, pp 165-186

Reuter P (2009) Systemic violence in drug markets. Crime, Law and Soc Change 52(3):275-284

Reuter P, Rubinstein JB (1978) Fact, fancy, and organized crime. The Public Interest 53:45-67

Schreck CJ, Fisher BS, Miller JM (2004) The social context of violent victimization: a study of the delin-
quent peer effect. Justice Q 21(1):23—47

Sijtsema JJ, Ojanen T, Veenstra R, Lindenberg S, Hawley PH, Little TD (2010) Forms and functions of
aggression in adolescent friendship selection and influence: a longitudinal social network analysis. Soc
Develop 19(3):515-534

Snijders TAB (2001) The statistical evaluation of social network dynamics. In: Sobel M, Becker M (eds)
Sociological methodology. Basil Blackwell, Boston and London, pp 361-395

Stadtfeld C (2012) Events in social networks: A stochastic actor-oriented framework for dynamic event pro-
cesses in social networks (PhD Dissertation). Karlsruher Institut fiir Technologie

Stadtfeld C, Block P (2017) Interactions, actors, and time: dynamic network actor models for relational
events. Soc Sci 4:318-352

Stadtfeld C, Geyer-Schulz A (2011) Analyzing event stream dynamics in two-mode networks: an explora-
tory analysis of private communication in a question and answer community. Soc Netw 33:258-272

Stadtfeld C, Hollway J, Block P (2017) Dynamic network actor models: investigating coordination ties
through time. Soc Methodol 47:1-40

Steglich CEG, Snijders TAB, Pearson M (2010) Dynamic networks and behavior: separating selection from
influence. Soc Methodol 40:329-392

Tita GE, Radil SM (2011) Spatializing the social networks of gangs to explore patterns of violence. J Quan-
titative Criminol 27(4):521-545

Topalli V, Wright R, Fornango R (2002) Drug dealers, robbery and retaliation vulnerability deterrence and
the contagion of violence. British J Criminol 42(2):337-351

UNODC (2019) Global study on homicide 2019

Varese F (2013) The structure and the content of criminal connections: the Russian mafia in Italy. Eur Soc
Rev 29(5):899-909

Wasserman S, Faust K (1994) Social network analysis: Methods and applications. Cambridge University
Press, Cambridge, UK

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

@ Springer



	When Things Turn Sour: A Network Event Study of Organized Crime Violence
	Abstract
	Objective 
	Methods 
	Results 
	Conclusions 

	Introduction
	Networked Violence
	Modeling Victimization
	Estimation

	Organized Crime in Thames Valley
	Operationalizing Violence
	Analytic Plan

	Results
	The OC Milieu
	Violence
	Relational Event Models

	Discussion and Conclusions
	Acknowledgements 
	References




