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Abstract: This paper uses graph theoretical measures to analyse the relationship between street
network usage, as well as other street- and area-level factors, and dissident Republican violence
in Belfast. A multi-level statistical model is used. Specifically, we employ an observation-level
random-effects (OLRE) Poisson regression and use variables at the street and area levels. Street-
and area-level characteristics simultaneously influence where violent incidents occur. For every 10%
change in the betweenness value of a street segment, the segment is expected to experience 1.32 times
as many incidents. Police stations (IRR: 22.05), protestant churches (IRR: 6.19) and commercial
premises (IRR: 1.44) on each street segment were also all found to significantly increase the expected
number of attacks. At the small-area level, for every 10% change in the number of Catholic residents,
the number of incidents is expected to be 4.45 times as many. The results indicate that along with
other factors, the street network plays a role in shaping terrorist target selection. Streets that are more
connected and more likely to be traversed will experience more incidents than those that are not.
This has important practical implications for the policing of political violence in Northern Ireland
generally and for shaping specific targeted interventions.

Keywords: geographic crime analysis; spatial patterns of crime; terrorism; civil war; insurgency

1. Introduction

Criminological research on terrorism and other forms of political violence has recently
increased. Although major advances have occurred, notable gaps still exist. Studies
focused on terrorist target selection have identified incident hotspots through a number
of means including simply identifying areas with high frequencies or rates, or by using
more sophisticated techniques such as kernel density estimation [1] or considering the
environmental backcloth with the use of risk terrain modelling [2–5]. A problem with these
approaches, however, is that they largely ignore a key factor influencing where crimes
occur: the street network.

From a crime pattern theory perspective, a city’s street network is worth considering.
It largely determines the routes that people can take during their daily lives, and therefore
shapes their awareness space [6]. Offences will occur when this awareness space overlaps
with an opportunity for criminal activity. Typically, more accessible streets, where urban
movement will be highest, experience more crime [7–16].

Just like typical offenders, terrorists require opportunity structures to select their
targets. Anecdotal research suggests that terrorists are also more likely to target areas that
are easily accessible. As well as considering effort, the risk of interception before an attack
will also be deliberated [17]. However, little has been done to empirically demonstrate the
influence of accessibility (with the exception of Marchment and Gill [4]).

ISPRS Int. J. Geo-Inf. 2021, 10, 765. https://doi.org/10.3390/ijgi10110765 https://www.mdpi.com/journal/ijgi

https://www.mdpi.com/journal/ijgi
https://www.mdpi.com
https://doi.org/10.3390/ijgi10110765
https://doi.org/10.3390/ijgi10110765
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/ijgi10110765
https://www.mdpi.com/journal/ijgi
https://www.mdpi.com/article/10.3390/ijgi10110765?type=check_update&version=1


ISPRS Int. J. Geo-Inf. 2021, 10, 765 2 of 15

In this study, graph theoretical measures are used to analyse the street network
to identify risky streets for dissident Republican violence in Belfast. In particular, we
examine the relationship between violent incidents and the network metric ‘betweenness’.
This metric measures the frequency with which parts of the street network feature in the
shortest paths through the network and, as employed in other criminological studies [18,19],
approximately represents which locations are most likely to be traversed in terms of
traffic [20]. In doing so, this study is the first to demonstrate the link between politically
violent activity and the urban layout and street network.

1.1. Theory

The environmental criminology framework encompasses several mutually compatible
perspectives seeking an understanding of crime events. Collectively, rational choice per-
spectives, routine activity theory and crime pattern theory suggest that offenders actively
select areas and targets in a way that minimises effort and risks and maximises rewards.

The rational choice perspective [21] describes offenders as nonarbitrary decision
makers who consider the costs and benefits of action alternatives [22]. For example, the
likelihood of an offender selecting an offending location is inversely proportional to the
distance they must travel to reach it [23,24]. Their decision making will be bounded by
imperfect and incomplete information, and the outcome of previous decisions may inform
future choices [21,25–27].

Routine activities theory suggests that crimes occur when a motivated offender, a
suitable target and a lack of a capable guardian coalesce in time and space [28]. These
three factors come together naturally as individuals go about their daily routines. The
environment shapes these interactions. Since its introduction, routine activities theory
has experienced several extensions [29–33]. Studies initially applied it alongside the ra-
tional choice perspective to volume crimes life burglary and shoplifting [27,34]. From
the early 1990s, the perspectives were successfully applied to other volume crimes such
as drug dealing [35], white-collar crime [36,37], gang membership and violence [38], or-
ganised crime [39] and carjacking [40] as well as non-acquisitive offences such as sex
offending [41,42] and violent offences [43]. The consensus suggests that offenders ‘read’
their immediate environment to guide their decisions in the commission of their offence.

Brantingham and Brantingham [44] expanded on the rational choice and routine
activities theories with crime pattern theory to understand crime events with a spatio-
temporal approach. They theorised that as an individual navigates their city or town on
their journeys to and from their daily activity nodes (including places such as their home,
places of work and/or education, and leisure and recreation venues) they will become
more familiar with certain areas. Over time, their increased knowledge and familiarity
with these areas means they become part of an individual’s awareness space. Offences
will occur when this space overlaps with an opportunity for criminal activity. This leads
to patterns in which individuals commit crime in areas known to them [45–56]. To travel
further beyond their awareness space to commit an offence would mean increased time
and effort for the offender. This would also increase the level of perceived risk due to
their unfamiliarity with the area. Offending in areas they are familiar with reduces the
individual’s risk of detection and interception.

A city’s street network largely determines the routes people can take between locations,
and as such shapes movement patterns. As a result, particular street segments are more
accessible and are more likely to be traversed, including by offenders, and so are more
likely to be familiar and part of offenders’ activity spaces [57]. These spatially defined
movement potentials account for approximately 60% of the differences in pedestrian
movement flows and about 70% of vehicular flows [58]. Furthermore, numerous studies
have demonstrated the link between this, in terms of high connectivity/through-movement,
and different forms of crime by employing a range of methodologies and indicators of
connectivity [9,10,12,13,57–60]. Interestingly, contiguous street segments can have very
different crime volumes [59] and the types of streets least likely to experience urban crimes
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are cul-de-sacs and private roads [8,60], even when accounting for factors such as levels
of deprivation.

For the most part, the above studies have used a variety of relatively basic measures
to measure street connectivity. More recent studies have focused on the betweenness
metric. This is derived by identifying the shortest paths between all street segments
(sections of streets between junctions and/or street end-points) in the network, and then
counting how frequently each street segment features. Using this metric, Davies and
Johnson [18] estimated the likely movement of people through street segments for the city
of Birmingham, UK. They found a positive association between estimated street-segment
usage and burglary risk. Summers and Johnson [16] and Frith et al. [19] found the same
pattern for outdoor serious violence in London (UK) and burglaries in Buckinghamshire
(UK), respectively.

1.2. Target Accessibility and Terrorism

Studies consistently support the position that terrorists are rational actors [61–68] and
that their decision making follows an inherent logic [4,5,17,69,70]. The spatial distributions
of terrorist attacks are non-random. Studies incorporated a consideration of how the
environmental backcloth [44] shapes target selection through the use of methods such as
risk terrain modelling. Risk terrain modelling assesses the spatial influence of features
of the urban landscape and identifies areas where criminal activity is likely to emerge or
persist [71]. Onat [2] identified areas that were at risk of terrorist attacks in Istanbul. He
found the riskiest factor in the urban environment to be the presence of bakeries. Bakeries
have a social meaning in Turkish culture, are visited frequently by most residents and
therefore have a role in an individual’s daily routine. Marchment et al.’s [5] analysis of risk
factors of bombings and bomb hoaxes in Belfast indicated they were more likely to occur in
areas where other paramilitary activity, such as punishment attacks, protests and riots had
previously occurred. This suggests that individuals are more likely to attack in places they
know. However, considerations of how a city’s street network shapes terrorist behaviour
has largely been neglected.

Crime pattern theory suggests that streets that are more likely to be travelled upon may
be more likely to experience incidents. Disparate and anecdotal findings suggest that target
accessibility through road usage is a crucial component of terrorist target selection [72].
Major roads facilitate travel around the city and as such an individual’s familiarity with the
area surrounding major thoroughfares is increased [72]. Berman and Laitin [73] discuss the
importance of accessibility through road usage in the target selection process: “Settlers and
soldiers use roads that pass through heavily populated areas or through terrain that is easily
attacked. The result is that an attacker can fire a weapon or detonate a bomb remotely in
such a way that makes escape relatively easy afterwards” [73], p. 144. Torres-Soriano’s [74]
case study of a terrorist cell in Barcelona examined target selection processes. They found
that the flow of traffic around the city determined which buildings the terrorists could
photograph from their cars, and as such influenced the identification of potential targets.
The author also notes that one member of the cell, Said Touay, focused on a particular
police station as it was visible from the car on a routine journey he made. Marchment and
Gill [4] found that the presence of a major road increasing the likelihood of an area being
chosen by the Provisional Irish Republican Army (PIRA) as a target by a factor of 1.77.
Similarly, dissident Republican incidents have been found to occur in close proximity to
major roads [1].

Ozer and Akbas [75] suggest that the reason one of the major police stations in Istanbul,
Turkey, is targeted by terrorists is because this station is connected by major streets. Using
Clarke and Neman’s EVIL DONE framework, they found that all of the buildings targeted
by the Partiya Karekeren Kurdistan (PKK) during the period studied were easily accessible.
Using the same framework, Gruenewald et al. [76] found a preference for ‘accessible’
(those that were routinely frequented) targets for eco-terrorists in the U.S. Zhukov [77]
demonstrated the importance of road networks in a study of insurgent activity in North
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Caucasus and concluded that they were the most important determining factor for the
location of attacks. Rokem et al. [78] found that violence in Jerusalem occurred close to the
most connected parts of the city. Schuurmann et al. [79] found that in cases where lone
actors considered several targets, a constraining factor was the accessibility of the target.

We therefore estimate that street segments that facilitate movement through the
network (as estimated by betweenness) will experience higher numbers of incidents.

2. Materials and Methods
2.1. Study Data

We chose the City of Belfast, Northern Ireland to examine the influence of the street
network on incidents. The current nationalist threat in Northern Ireland has emerged from
multiple and distinct dissident Republican groups who reject the constitutional compromise
accepted by the Provisional Irish Republican Army (PIRA) leadership in the 1997 final
ceasefire. Collectively, dissident Republican organisations maintain that the only acceptable
outcome is the complete reunification of the island of Ireland. For the purposes of this
analysis, the study area was selected as it has experienced the most dissident Republican
incidents (approximately one-third of all incidents in Northern Ireland).

The principle strategy of violent dissident Republicans (VDRs) is to undermine the
regime created by the 1998 Good Friday Agreement in a number of ways including:
obstructing its institutions, seeking to increase British Army presence on the streets, offering
alternative policing functions, seeking to recruit young members of the Catholic community,
targeting Catholic members of the security and police forces and ultimately by precluding
the establishment of a normalised existence. In essence, they hope to unequivocally
demonstrate that the agreement has failed.

However, they have been unable to undertake an intense and high-profile campaign
of violence due to their lack of comparable capability to PIRA. Instead, they use persistent
and often low-level violence to shatter any illusion of peace and to occupy the resources of
the police services.

2.2. Study Area and Units of Analysis

As shown in Figure 1 and located in Northern Ireland (UK), the 2011 City of Belfast
area, is used as the study area. The primary unit of analysis is derived using the Belfast
street network from OpenStreetMap (www.openstreetmap.org), obtained in 2018 (see also
Figure 2). Here, although the continuous street network can be converted to discrete
sections or units of analysis in a number of ways [80] because we are estimating traffic (see
also later), these units should have relatively consistent traffic along their length. As such,
and following the typical approach in criminological studies [18,19,81], because movement
around the urban area is largely constrained by streets and where they intersect other
streets, we use the sections of the street network between intersections (street segments) as
the primary unit of analysis. In total, there are 15,886 street segments in the study area.

Whilst most of the factors expected to influence incident locations are expected to
do so at the street-segment level and can be measured so (e.g., the locations of police
stations), there are other factors where this level of precision does not exist. For example,
the concentrations of religions which is only known at some aggregate level (e.g., using
Census boundaries). Additionally, some factors, which are also expected to have an effect at
the street-segment level, are also anticipated to influence incident locations more generally
based on their overall concentration nearby (e.g., the overall number of police stations in
the area). Accordingly, a hierarchical or multi-level design is used and the secondary unit
of analysis (or level-2 unit given that street segments are level-1) are 2011 ‘small areas’ (also
shown in Figure 1) which are the smallest units that these data can be calculated. Northern
Ireland has been divided into 4537 small areas (SAs) since 2011, which are currently the
smallest geographical unit above streets. They were designed specifically for statistical
purposes and follow physical features of the environment such as roads and rivers [82].

www.openstreetmap.org
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They are equivalent to ‘output areas’ used in England, Scotland and Wales. In total, there
are 828 small areas in the study area.

2.3. Incident Data

Although the field of terrorism studies is becoming increasingly more empirically
oriented, a major problem that remains is a distinct lack of reliable and detailed data due
to the obvious clandestine nature of the subject. The data of incidents for this paper were
obtained from a previously compiled dataset created for the ‘Violent Dissident Repub-
lican Project’ [83] and has been updated regularly since [84]. It was created using open
sources and at the time of analysis contained dissident Republican incidents in Northern
Ireland from 1990 until the end of 2016. The full dataset consists of violent (e.g., bombings,
shootings) and non-violent (e.g., statements and meetings) incidents and includes infor-
mation regarding the date and time of the incident, the location of the incident, incident
type, victim type, and so on. For the purposes of this analysis, we use the number of
violent incidents at the street-segment level. We do this for the period of January 2007 to
December 2016 which covers the most recent contemporary wave (of attacks) [84] due to
its relevance for practitioners. In total, there were 188 incidents in the study area in the
time period.
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2.4. Methods
2.4.1. Betweenness Calculation

The first independent variable is the graph theoretic measure of betweenness (Freeman,
1977). As shown in [58,84,85] and used in previous criminological research studies [18,19],
betweenness can be used to estimate the likely usage of street segments by traffic travelling
through the network. In terms of its calculation and the nomenclature, a graph or network
is defined as G = (V, E) and consists of vertices, V = {v1, . . . , vn}, and edges between
vertices, E = {e1, . . . en}. Because our interest lies in estimating the usage of street segments,
we build this graph using a dual representation [85,86]. That is where street intersections are
represented as edges in the graph and the street segments are represented by vertices. Given
this notation, and that a path between vertices (or street segments) i and j is represented
by i ∼ j, the distance of this path (or more precisely the distance between the centroids
of i and j) is dij, the number of the shortest routes between the two vertices is σij and the
number passing through e is σij(e), the betweenness of vertex e is given as:

Be = ∑
i,j∈V, i∼j

σij(e)
σij

This is such that the betweenness for segment e is the total number of shortest paths
between all vertices (represented by i and j) that pass through it (e), adjusted by if there
are multiple shortest routes between any vertices. This includes the end-points of each
of the shortest paths. In non-mathematical terms, if people move through the network
approximately from all segments to all others by taking the shortest route, Be is the total



ISPRS Int. J. Geo-Inf. 2021, 10, 765 7 of 15

movement passing through e. In other words, an estimate of the expected amount of traffic
on that street segment (e).

Although other modifications of this measure are also possible [19] here we make one
change in that the current metric considers movement between all segments in the network.
However, these segments can be far away and so little travel (or interaction) between them
would be expected. We therefore limit travel (paths) to 5 km as per Davies and Johnson [18]
and so the metric captures general traffic, which is perhaps likely to be by vehicle, around
Belfast. In graph theoretic terms, this is such that if distance is measured in kilometres then
dij < 5 and betweenness as used in this study is calculated by:

Be = ∑
i,j∈V, i∼j,dij<5

σij(e)
σij

To check the sensitivity of the results to the radius, we also compute the metric using
a limit of 2 km which more relates to maximum on-foot journey lengths and as used
in Frith et al. (2017). The results from our main model using this metric are shown in
Appendix A but as the results are very similar, they are not discussed further. Note that
because this metric involves calculating paths to and from each segments up to 5 km
away, a temporary buffer, of 5 km here, must be added to the Belfast study area for the
calculation of this metric. This buffer area is then removed. The betweenness values
for each street segment in Belfast are shown in Figure 2. Note that as raw betweenness
values have no natural scale in which to interpret them, following Frith et al. (2017), in our
models, the values are normalised to the range 0–100 using to the road with the greatest
betweenness level.

2.4.2. Other Independent Variables

In addition to the betweenness metric, there are 10 other independent variables which
are expected to influence incident locations. The first of these are the locations of police
stations (Police Service of Northern Ireland) in Belfast which are being operationalised in
two ways. The first, by the number of police stations on each street segment (the level-1
unit). Secondly, by the number in each small area (the level-2 unit). The locations of the
police stations were obtained from an existing dataset created by Morrison.

The next variables regard the locations of Catholic and Protestant churches which are
again being operationalised based on their count of each street segment and in each small
area. These data come from Open Data NI (www.opendatani.gov.uk).

As a measure of the attractiveness of the crime generators, we also include data on
the number of premises which in this analysis includes shops, cafes and restaurants, and
pubs and bars as obtained from Open Data NI. As with the police station and church data,
these data are being included in the model in terms of the count of premises on each street
segment and in each small area.

Because the same data (on the number of different types of properties) are used to
calculate two variables (totals on the street segment and in the small area), there is a
risk of double-counting and multi-collinearity. In the first instance, we verify that the
variables are not highly linearly related (the largest absolute correlation coefficient was 0.19
between them). Secondly, we also compute our main model but omitting the street-segment
‘totals’ variables and then the small-area ‘totals’ variables. These are shown in tables in
Appendix B. However, as the results do not substantially differ from those including all
variables, they are not discussed further.

In addition to these variables, we also include two independent variables that are
solely measured at the small-area level. Here, and although there may be intra-small-area
variation (e.g., small-scale concentrations), data are not available at a more granular level.
Using data at this level may also be warranted as these variables may only be attractive for
attacks when area-level clusters or concentrations exist, such as the small-area level, so as
to avoid harming unintended victims and to facilitate travel through the highly segregated

www.opendatani.gov.uk
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city. These variables are the percentage of residents who are aged between 18 and 65 and
the percentage who self-identify as Catholic. In addition, we also include a variable on
the total length of roads in each small area as a more general measure of the number of
opportunities. This is used rather than the size (area) of each small area as the latter may
be misleading as the larger areas tend to be more rural and so do not necessarily contain
more opportunities. Table 1 shows summary statistics of all of the variables.

Table 1. Summary statistics of the independent variables.

Level Variable Mean SD Min Max

Street segment

Betweenness (10%) 0.62 1.07 0.01 10.00
Police stations 0.00 0.03 0.00 1.00

Catholic churches 0.00 0.04 0.00 1.00
Protestant churches 0.00 0.05 0.00 1.00

Premises 0.03 0.22 0.00 9.00

Small area

Percentage Catholics (10%) 3.83 3.16 0.00 9.80
Percentage aged 18–65 (10%) 6.44 9.34 3.64 9.77

Police stations 0.06 0.37 0.00 3.00
Catholic churches 0.08 0.28 0.00 2.00

Protestant churches 0.12 0.37 0.00 2.00
Premises 3.90 12.98 0.00 99.00

Total length of roads (km) 3.90 6.30 0.14 36.48

2.4.3. Model Estimation

Given the dependent variable (e.g., the number of dissident Republican attacks) is
measured in counts and distributed thusly, OLS regression is not appropriate [87]. There
are, however, several count-based methods available. Perhaps the most common and
simplest method is to assume they approximate a Poisson distribution [87]. However,
given the plausibility and consequences of violations to this distribution [88], in particular
from overdispersion (extra-Poisson variation), many follow a Poisson mixture distribution,
specifically the Poisson-Gamma (negative binomial) distribution. For multi-level analyses,
such as ours, Rabe-Hesketh and Skrondal [89] argue hierarchical Poisson-Gamma models
are generally not recommended as the level-2 (small-area) intercept, necessary for a multi-
level model, and the level-1 (street segment) overdispersion factor are conflated and
determined by the same parameter.

We therefore follow a different approach, although others also exist [90,91], by adding
observation-level random-effects (OLRE) to the Poisson model [89,92]. In this model, any
extra-Poisson variation is dealt with by packaging it into a random effect with a unique
level for every data point. This model is therefore essentially a three-level model with
random intercepts for each street segment and small area and can be expressed as:

log
(
yij

)
= β+ ζi + ζ j

where yij are the count of attacks on street segment i in small area j, β represents the
covariates, ζi and ζ j are the uncorrelated random intercepts for each street segment (or
the OLREs) and small area which are each drawn from normal distributions with means
of 0 and variances of σ2

i and σ2
j respectively. This model is estimated in Stata (StataCorp,

College Station, TX, USA, 2019) [93] using the built-in mepoisson command.

3. Results

The results from the regression are shown in Table 2. In the table, each variable’s effect
is shown in terms of their estimated incident rate ratios (IRR) which represent the expected
multiplicative change in the attack counts on a street segment given a one-unit change in
the associated variable, e.g., for an additional police station. These figures are accompanied
by their associated standard errors and significance level.
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Table 2. Estimates from an OLRE Poisson regression of the location of violent dissident
Republican incidents.

Level of Aggregation Variable IRR SE Sig.

Street-segment level

Betweenness (10%) 1.32 0.06 **
Police stations 22.05 18.69 **

Catholic churches 3.17 4.08
Protestant churches 6.19 5.72 *

Premises 1.44 0.08 **

Small-area level

Percentage Catholics (10%) 4.45 1.39 **
Percentage aged 18–65 (10%) 1.79 1.95

Police stations 1.62 0.71
Catholic churches 1.03 0.29

Protestant churches 0.89 0.40
Premises 1.00 0.01

Total length of roads (km) 1.00 0.02
Note: * indicates significance at the 0.05 level and ** indicates significance at the 0.01 level, both one tailed.

Taking the variables in order, the count of incidents is significantly and positively
associated with the level of betweenness. Specifically, for every 10% change in the between-
ness value of a street segment, the segment is expected to experience 1.32 times as many
incidents by dissident Republicans in the time period. In other words, the segment with
the largest betweenness value is expected to suffer from 23.7 times as many attacks as the
segment with the smallest value.

The number of police stations, protestant churches and premises on each street seg-
ment were all found to have a significant and positive effect on the expected number of
attacks. Specifically, for every related building on a street segment, the expected count
would be 22.05 times as many, 6.19 times as many, and 1.44 times as many, respectively.
The number of catholic churches on a street segment was not significantly related to the
number of dissident Republican incidents.

In terms of the small-area-level variables, one variable was found to be significantly
positively associated with the count of attacks: the percentage of residents (in the associated
small area) who are Catholic. This is such that for every 10% change, the number of
incidents is expected to be 4.45 times as many. The five other variables were all estimated
to have no significant impact.

4. Discussion

Most research regarding the geography of terrorist attacks and target selection has
related to identifying hotspots of events. These approaches fail to take into account the
environmental backcloth. In this paper, we considered how the street network might
shape the dynamic development of offender awareness of opportunities for such incidents.
The results suggest that the street network plays a role in shaping where such incidents
occur, and that areas more connected and more likely to be traversed will experience
more incidents than those that are not. Taken together, the results of the other street- and
area-level variables suggest that dissident Republicans in Belfast are directing their attacks
in streets containing targets relevant to their ideology, that are in areas likely to be in their
awareness space.

In particular, the count of incidents was significantly and positively associated with
the level of betweenness of the street segment. As such, taking the typical interpretation
of betweenness as an estimate of the traffic along a section of the street network, the
more traffic or more likely it is to be traversed by potential offenders within the general
population who frequent it, the more attacks it is likely to experience. In one way this can be
interpreted as what was expected by crime pattern theory in terms of offenders preferring
familiar spaces as streets which are more likely to be generally traversed. Alternatively,
and based on rational choice and that offenders rationally select target locations, this result
may relate to terrorists preferring to attack well-travelled or busy streets, for example, to
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greater disrupt civilian life and to afford themselves a better chance of escape afterwards.
In the present study, however, and similarly in the majority of other studies employing
these measures [16,18], there was no way to disentangle these effects in terms of isolating
the effects of each mechanism. This was, however, possible in Frith et al. [19] but it requires
data on the home locations of each offender (and knowledge of their particular offences)
which should be considered for future research in this area.

Generally, in line with previous research and/or theory, other factors were also found
to influence the placement of dissident Republican incidents, including the presence of
police stations, protestant churches and premises on each street segment. For example, for
every police station on a street segment, the expected count would be 22.06 times as many,
which is similar to the result (13.78) found in Marchment and Gill [4] when considering
the presence of police stations or military bases in a small area. That being said, while the
larger effect here would be expected as the units used here (small areas) are larger and the
effects of buildings such as these are likely to diminish over distance, this study found no
significant effect of police stations at the small-area level. Therefore, and building upon
the previous study, this suggests that police stations generally attract attacks only to their
immediate street segment(s), but after controlling for this, attacks are actually no more
likely in the general surrounding area of police stations. This, however, obviously requires
replication and further investigation, for example, in terms of any other buffer effects at
other levels, such as to the immediately nearby street segments.

In terms of the other small-area-level variables, just one significantly increased the
expected number of attacks: the percentage of residents who were Catholic. This is
particularly interesting given the large religious separation in Belfast and Northern Ireland.
The separation of the two religious communities is a key characteristic of Northern Irish
society that has helped in the understanding of many aspects of the conflict [94,95]. Carter
and Hill [96] found that, in the case of extremely segregated cities, an individual’s mental
image of their city is often incomplete and strongly influenced by their racial background,
due to the dangers of offending where they cannot blend in easily. Although this concept
of ‘standing out’ in unknown territory is most obvious when considering race, the same
affects may be reflected when considering religion. Areas with Protestant majorities
are unlikely to be in a dissident Republican offender’s cognitive awareness space and
as such they would have limited knowledge about the inhabitants [44] and physical
infrastructure [97]. In such neighbourhoods, strangers would be less likely to go unnoticed
and offenders unchallenged.

The generalisability of these findings, however, needs to be established through sys-
tematic replication as context may play an important role. Beyond those already discussed,
future work should endeavour to extend on the analyses using larger datasets and samples
from different cities and countries to make comparisons across different groups and con-
flicts. These future analyses may also want to consider spatio-temporal effects to establish
if some streets or areas are riskier at different times of day or days of the week. Other more
micro-level units of analysis may also want to be tested to establish the geographic scales of
terrorism influences. As suggested by Gill et al. [17], the acceptance of risk is likely to differ
across terrorist groups. Those groups, like dissident Republicans, who plan for perpetrator
survival may differ in their footprint than Jihadist groups whose perpetrators often seek to
die at the scene of their attack and therefore do not factor in plans for a getaway post-attack.
On a methodological point, though our OLRE approach is recommended in similar other
analyses [89,92], there are alternatives, such as taking a Bayesian approach similar to that
used in Liu and Zhu [90], that should be explored in future analyses.

With that in mind, the results from this study collectively highlight how the opportu-
nities for terrorist attacks differ across the urban environment and how this is affected at
different scales by different features—for one, by the configuration of the road network
in terms of the streets that are relatively accessible and/or frequently travelled on. This
study also highlights that street-level effects account for variation in risk and highlights
the importance of street segments as a meaningful and useful unit for understanding the
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spatial distribution of political violence and crime in general. This has important practical
implications for the policing of political violence in Northern Ireland generally and for
shaping specific targeted interventions.
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Appendix A

Table A1. Estimates from an OLRE Poisson regression of the location of violent dissident Republican
incidents using betweenness calculated with 2 km maximum distance.

Level of Aggregation Variable IRR SE Sig.

Street-segment level

Betweenness (10%) 1.37 0.08 **
Police stations 20.84 17.67 **

Catholic churches 3.46 4.33
Protestant churches 5.92 5.37 *

Premises 1.45 0.08 **

Small-area level

Percentage Catholics (10%) 4.75 1.48 **
Percentage aged 18–65 (10%) 1.75 1.88

Police stations 1.68 0.73
Catholic churches 1.01 0.30

Protestant churches 0.90 0.40
Premises 1.00 0.01

Total length of roads (km) 1.00 0.02
Note: * indicates significance at the 0.05 level and ** indicates significance at the 0.01 level, both one tailed.

Appendix B

Table A2. Estimates from an OLRE Poisson regression of the location of violent dissident Republican
incidents without street segment ‘totals’ variables.

Level of Aggregation Variable IRR SE Sig.

Street-segment level Betweenness (10%) 1.35 0.06 **

Small-area level

Percentage Catholics (10%) 4.15 1.32 **
Percentage aged 18–65 (10%) 1.65 1.79

Police stations 1.66 0.81
Catholic churches 1.15 0.33

Protestant churches 0.95 0.43
Premises 1.00 0.01

Total length of roads (km) 0.99 0.02
Note: * indicates significance at the 0.05 level and ** indicates significance at the 0.01 level, both one tailed.
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Table A3. Estimates from an OLRE Poisson regression of the location of violent dissident Republican
incidents without small-area ‘totals’ variables.

Level of Aggregation Variable IRR SE Sig.

Street-segment level

Betweenness (10%) 1.33 0.06 **
Police stations 29.35 22.09 **

Catholic churches 3.33 4.24
Protestant churches 5.90 5.22 **

Premises 1.46 0.08 **

Small-area level
Percentage Catholics (10%) 4.58 1.39 **

Percentage aged 18–65 (10%) 2.17 2.20
Total length of roads (km) 1.01 0.02

Note: * indicates significance at the 0.05 level and ** indicates significance at the 0.01 level, both one tailed.
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