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ABSTRACT
Scholars increasingly recognize the proliferation of co-offending incidents,
estimating that one-quarter to one-half of all offending involves two or more individuals.
The presence of co-offenders has been found to impact the duration, type, and intensity of
offending yet the literature remains sparse regarding co-offender effects on other aspects
of offender behavior, such as the journey to crime. This study examines differences in the
journey to crime distance and direction travelled when comparing offenders acting alone
versus with co-offenders. This dissertation uses a dataset of official arrest records from the
City of Philadelphia, PA for 2010 to 2017 (inclusive), containing 50,928 arrest records and
14,735 individual offenders with at least one arrest on their own and one arrest with a cooffender. Descriptive and inferential circular statistics as well as Euclidean distance
metrics are employed to highlight the journey to crime differences when individuals
commit solo vs. co-offenses across different crime types. Broadly, the research found no
significant differences in journey to crime distance and only exploratory differences in
directionality. However, the directional analyses did reveal the importance of the city
center as a magnet for offending behavior and several key variations between crime types
and offender demographics. The research demonstrates the application of an
underutilized methodology in the spatial analysis of criminal justice data while examining
the impact of having a co-offender on offender travel behavior.
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CHAPTER 1: INTRODUCTION
Human spatial behavior is arguably one of the most stable and predictable
elements in daily life considering the complexity of the decisions that constitute movement
from point A to B. It is extensively studied in a variety of disciplines from urban traffic
planning (Kitamura et al., 2000), to anthropology (Matisoo-Smith & Robins, 2004), and
epidemiology (Eubank et al., 2004). Human mobility is so stable that researchers
investigating it via anonymized mobile phone usage found 93% potential predictability in
movement patterns that was attributable to the ‘inherent regularity of human behavior’
(Song et al., 2010 p. 1021). This consistency in geographical behavior likewise applies to
the movement of offenders and their journey to crime. However, uncertainty arises with
the addition of a co-offender, and how they potentially alter the previously stable travel
patterns of a single offender.
Practically speaking, co-offending is abundant with scholars estimating that
somewhere between a quarter to one half of all offending involves one or more individuals,
and that overall co-offenders commit more crime than solo offenders (Andresen & Felson,
2009; Felson, 2003; McGloin & Piquero, 2010; Reiss & Farrington, 1991; Warr, 2002). In
addition, the presence of co-offenders has been found to impact the duration, type, and
intensity of offending yet the literature still remains sparse regarding co-offender effects
on other aspects of offender behavior (Bernasco, 2006; Conway & McCord, 2002; Frank
et al., 2012; McGloin & Piquero, 2009, 2010; van Mastrigt & Farrington, 2009). One of
the most consistent findings with respect to offender behavior is that their journey to
crime typically involves short distances, with most offenses being committed in close
proximity to the home and in a consistent direction (Costanzo et al., 1986; Rengert &
Wasilchick, 2000; Rossmo, 2000; Wiles & Costello, 2000). These findings remain stable
across different crime types and offender characteristics, built upon a strong theoretical
1

foundation of routine activity, crime pattern, and rational choice theory (Ackerman &
Rossmo, 2015; Brantingham & Brantingham, 2008; Chainey, Austin, & Holland, 2001;
Felson, 2008; Tita & Griffiths, 2005). However, the influence of co-offenders on an
individual’s journey to crime is still relatively unknown, despite the known effects of cooffenders on individual offending (aspatial) behavior. Therefore, the following research
asks; when comparing the direction and distance of individual crime trips, do we see a
significant difference between those that do and do not involve a co-offender?

Key Terms
It is useful at this early juncture to highlight and define some of the key geographic
terms that will be used throughout this manuscript, and discussed in greater detail in the
environmental criminology section of the literature review:
•

Offender/Co-offender/offense: These terms are used throughout this research and
is reflective of the language used in the broader literature on co-offending and
journey to crime but technically represents individuals (or incidents) of arrest
though they may not have ultimately resulted in a conviction.

•

Node(s): Particular place(s) that individuals travel between regularly when going
about their day (e.g. home, work, gym, entertainment corridors).

•

Activity space: The collection of nodes and the typical routes or paths that
individuals travel between make up their activity space.

•

Awareness space: The area which encompasses the activity space of an individual
and includes the broader, surrounding parts of the environment that individuals
are most familiar with and likely to be aware of the criminal opportunities within.

•

Journey to crime/crime trip: The journey to crime is traditionally conceived and
measured as the distance that an offender travels from a node (typically the
home/residence) to the offense location. For this research, this is extended to
2

include the direction in which they travel (referred to as ‘directionality’ moving
forward). The term ‘crime trip’ is also used throughout this manuscript to discuss
the singular event of an individual travelling from their home to offense location.
•

Target/target selection: Target selection is the process by which an offender
identifies a criminal opportunity and chooses to commit an offense. The target may
be an individual in the case of robbery, or a residence/business when committing
a burglary.

•

Spatial behavior/spatial offending behavior: The term spatial behavior is meant to
encompass the movement patterns of an individual through time and space (i.e.
travelling between nodes to accomplish routine activities, building/increasing the
size of activity and awareness spaces, etc.). Spatial offending behavior relates to
the same individual movement patterns undertaken specifically in the furtherance
of committing a crime (e.g. target selection, the journey to and from the offense
location, etc.).

Co-offending
As mentioned above, co-offending accounts for a large proportion of all crime, yet
is likely underreported in official records (Andresen & Felson, 2009; van Mastrigt &
Farrington, 2009). Although co-offending partnerships are often short-lived, co-offenders
may share important offense-related information with one another, such as target
vulnerability, modus operandi, and police enforcement actions (McAndrew, 2000;
Sarnecki, 2001; Warr, 2002). Research findings indicate that offenders recognize the
utility of co-offending to maximize personal gain, as co-offenses most often involve
instrumental crimes such as robbery and burglary (Carrington, 2002, 2009, p. 200; Lantz
& Hutchison, 2015; McCarthy et al., 1998; van Mastrigt & Farrington, 2009). Interestingly,
non-violent offenders who commit offenses with a violent co-offender have been found to

3

be more likely to commit a later violent offense, and violent crimes have a higher average
number of offenders involved (Conway & McCord, 2002; McGloin & Piquero, 2009).
Beyond offense selection, larger crime groups offend over longer timeframes and the
individuals within them have longer criminal careers. Furthermore, individuals involved
in co-offending have been found to commit offenses at higher rates than their solooffending counterparts (Charette & Papachristos, 2017; Felson, 2003; Reiss & Farrington,
1991; Sarnecki, 2001; Warr, 2002). Thus, co-offending ties help to further embed
individuals in criminal lifestyles and networks, through the transmission of offenserelated information (e.g. vulnerable targets) and criminogenic influence (e.g. gang rivalry
networks) that can span entire cities (Bastomski et al., 2017; Ouellet et al., 2013;
Papachristos & Bastomski, 2018). This implies that offenders may share information that
can impact offender spatial behavior and the target selection process.

Co-offender selection
Another component of co-offending research is the process of selecting
accomplices. Although a variety of perspectives exist regarding offender selection, the
majority of the research finds that these groups tend to be small in number (2-3
individuals) and relatively homogenous across demographic characteristics, similar to
most social networks (McPherson et al., 2001; Reiss & Farrington, 1991; Warr, 2002;
Weerman, 2003). Co-offending partnerships are more likely to form among individuals
who share similar experiences and social network connections, as this makes it easier for
co-offenders to trust one another (McCarthy et al., 1998; Reiss & Farrington, 1991;
Schaefer, 2012; Weerman, 2003). Simply put, individuals tend to choose co-offenders who
are similar to themselves in age, race, and gender and who live nearby, implying a
combination of rationality and opportunity involved in this process to maximize criminal
capital while minimizing risk of exposure (Tremblay, 1993). Thus, it is likely that socially
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and geographically proximate co-offenders will share similarities in their travel behavior
and knowledge of potential targets, which may be reflected in comparable journeys to
crime.

Journey to crime
There is an extensive research base examining the journey to crime of offenders,
with most finding that these crime trips are short and display a strong sense of
directionality (Rengert & Wasilchick, 2000; Rossmo, 2000; Wiles & Costello, 2000).
Journey to crime research draws primarily from three related theoretical frames; routine
activity theory, crime pattern theory, and the rational choice perspective. These theories
are key components in the sub-discipline of environmental criminology where the focus is
on the interaction between individuals and their environment, the situational context of
crime, and how routine travel behavior raises the awareness of potential criminal
opportunities. The development of environmental criminology was heavily influenced by
the work of geographers in the early 1970’s that helped to pave the way for thinking about
the impact of the built environment on individual behavior. In particular, Hägerstrand’s
(1970) work regarding space-time paths and the temporal and spatial constraints that
shape the way individuals navigate the built environment on a daily basis paved the way
for thinking about the spatio-temporal patterning of crime. Furthermore, the work of
Horton and Reynolds (1971) was influential in developing the key concepts and terms of
crime pattern theory that describe how individual’s routinized behaviors lead to the
development of activity and awareness space. Collectively, these theories (routine activity,
crime pattern, and the rational choice perspective) argue that our routine activities shape
our awareness space and thus our knowledge of criminal opportunities, and that this
impacts the rational decision-making processes of where to offend (Brantingham &
Brantingham, 2008; Cornish & Clarke, 2008; Felson, 2008). Essentially, our built
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environment and our daily routines influence the paths we choose to move between
important nodes, further constrained by the time it takes to get from A to B, and this
impacts the spatio-temporal patterning of crime (Brantingham & Brantingham, 2008;
Ratcliffe, 2006).
In aggregate, journey to crime findings reflect that individuals rarely travel far
outside familiar areas that make up their ‘awareness space’ to offend (Chainey et al., 2001;
Phillips, 1980; Tita & Griffiths, 2005). One of the most consistent findings is that the
journey to crime varies by crime type, as individuals committing violent crimes travel
shorter distances than those involved in property offenses (Ackerman & Rossmo, 2015;
Groff & McEwen, 2006; Wiles & Costello, 2000). It is possible that these findings reflect
the instrumental nature of property crimes and the willingness of offenders to travel
farther for greater financial gain, as well as the fact that violent offenders and victims often
know one another and thus reside nearby (Groff & McEwen, 2005, 2006; Snook, 2004;
Tita & Griffiths, 2005; Vandeviver, Van Daele, & Vander Beken, 2015). Relatedly, the
research on mobility triangles may provide explanatory value if significant differences are
found between solo and co-offending travel distances. Simply put, research utilizing
mobility triangles attempts to quantify the spatial configurations between offender and
victim home locations and where the incident occurs. Previous research has found that
mobility triangles are effective at describing differences in offending patterns and that cooffenses involving two offenders display longer median mobility triangle distances than
those involving a solo offender across a variety of crime types (Felson, Andresen, & Frank,
2012; Groff & McEwen, 2007). Thus, it may be the case that even co-offenders who reside
near one another display offense mobility patterns that involves longer travel distances,
suggesting that the mere addition of a co-offender impacts journey to crime distance.
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Directionality
Another component of the journey to crime is the directionality of offending, as
measured from a central anchor point (i.e. a geographic location in space from which
individual’s travel behavior begins—typically the home) for the offender to the offense
location. Unfortunately, most research into the journey to crime does not touch on this
important element in human geographical behavior, and limited research has been
conducted on the subject over the last 3o years. The directional research that has been
conducted typically finds that offenders display a clear preference in the heading that they
choose when offending, whether examining burglary (Kocsis et al., 2002; Van Daele &
Bernasco, 2012) or violent serial offenders (Lundrigan & Canter, 2001; Lundrigan &
Czarnomski, 2006). Rengert and Wasilchick (1985, 2000) also found that suburban
burglars consistently displayed a directional bias from the home towards their workplace
or other nodes (friend’s homes, recreation). Potential explanations for this behavior
include Ratcliffe’s (2006) ‘temporal constraint theory’ whereby offending behavior is
limited spatio-temporally due to the travel demands (i.e. time it takes) moving between
two points and how far one can deviate from this to offend. In addition, recent research
has found that offenders use previous home locations for a limited time after moving as
anchor points for offending, as these areas are still familiar to them (Bernasco et al., 2015;
Lammers et al., 2015; Wheeler, 2012). The implications of these findings on the present
research are quite salient, indicating that an offender’s awareness space can be quite
complex, even incorporating areas from their personal history which impact their present
journey to crime. However, there is still a great deal we do not know about the spatial
consistency of offending, including the impact of co-offenders on directional preferences
(Andresen et al., 2012; Frank et al., 2012, 2013).

7

Research question and unit of analysis
Before addressing the specific questions explored in the current research, it is
crucial to lay out the theoretical foundation that underlies this work. Firstly, we know that
co-offending partnerships facilitate the transmission of key offending information
(targets, modus operandi, etc.) or forms of social exchange that are necessary for the
success of a co-offending relationship (McAndrew, 2000; Weerman, 2003). Additionally,
individuals are more likely to select co-offenders who share common spatial and social
characteristics, often facilitated by geographic proximity. Once these co-offending ties
form, they influence individual behavior, such as emboldening violent offending,
extending criminal careers, and informing target selection. We also know that journey to
crime distances are short, centered around the home location, and display a clear
directional preference.
What we still do not know is how do co-offenders influence the spatial behavior of
individuals, and in particular their journey to crime? If offenders are making one another
aware of vulnerable targets or better criminal opportunities in other areas, we would
expect to see changes in their crime trips when comparing solo and co-offenses. However,
if offenders are choosing their co-offenders from a pool of individuals who are
geographically proximate and socially similar, it stands to reason they may have similar
awareness spaces which would be reflected by their target selection. Thus, even though
these co-offending ties are influencing individual behavior, this would be masked by the
fact that the individuals have comparable spatial knowledge.
Recent work by Lammers (2018), indicates that co-offending groups do share
common criminal awareness space, but less than previously thought. The author found
that although co-offender groups in their study shared at least some criminal awareness
space it is 50% or less of their total awareness space, indicating that co-offender groups do
tend have larger have larger combined awareness spaces (i.e. bigger cognitive map of
8

potential offending areas). However, they found that the odds of offending in these shared
spaces were actually higher compared to areas known to only one of the other offenders in
the group. However, the study had some limitations such as the sample not being intended
for the study of co-offending, the use of postal codes as the smallest spatial unit, and the
analytical strategy did not incorporate solo offenses. Thus, there was a lack of direct
comparison between co-offending behavior versus solo offending behavior, instead
focusing on the likelihood of choosing shared versus un-shared areas. Therefore, although
Lammers (2018) found that shared awareness spaces are more likely to have co-offenses
occur there, the question of whether the larger co-offender cognitive map highlighted in
their study translates to detectable changes in individual offender behavior is still
unknown. This is the crux of the proposed research; illuminating how the presence of a
co-offender impacts an individual’s journey to crime. In other words, the focus of this work
is on the comparison of the two types of individual crime trips; those committed alone and
those committed with someone else.
Thus, the primary research question is, does the inclusion of a co-offender
significantly change the distance and/or directionality of offending when
comparing incidents involving a co-offender to those involving a solitary
offender? Specifically, by analyzing co-arrest data provided by the Philadelphia Police
department and a cleaned data set of 14,735 offenders, committing over 50,000 offences
over seven years, and the arrests that link these offenders, do we find a meaningful
difference between solo and co-offending travel behavior? In order to simplify the
complexity of co-offending, the cases used in this study were individuals who were
arrested as solo offenders and again with a single co-offender at another point in time
(with the least amount of time possible between the two offenses). This stipulation helps
eliminate confounding issues that arise from law-enforcement operations like street
sweeps (where large numbers of individuals are arrested together based on proximity,
9

regardless of whether they know one another) or targeted gang interventions that involve
multiple arrests and maturation processes that occur between two temporally distant
offenses. Again, the unit of analysis is individual-level journey to crime trips and cleaning
the data in this way emphasized this focus. For the analyses, this research used a
combination of directional statistics (a relatively underutilized methodology in social
science) and traditional linear methods to investigate the journey to crime phenomenon
as applied to co-offending.
The data used in this study is arrest records from 2010-2017, which included the
location of offender home and offense locations, provided by the Philadelphia Police
Department (PPD). Two main analytical methodologies were used for this research; linear
statistics to examine and compare solo and co-offense distances, and circular statistics for
the directional journey to crime of offenders. For the initial dataset of 14,735 offenders,
solo and co-offenses were quite similar in regards to the distance and direction travelled
to offend, confirming most offenders don’t travel far from their home location to commit
crime (mean 2.5 mi) and they display similarities in the average direction travelled,
typically heading towards the city center to offend. However, scatterplots examining the
association between distance and directionality revealed that an excessive number of same
block offenses and edge effects may have biased the findings. Subsequent analyses used
adjusted datasets which accounted for these issues by limiting participation to offenders
who committed crime outside their home block, lived at least 1.5 mi. from city boundaries,
and traveled less than 1.5 mi. to offend.
The analyses on these new ‘buffered’ datasets again displayed a similarity across
solo and co-offenses trip distances, and directional analyses revealed increased variability
in the directional preference of offenders. The city center, however, remained a magnet
for most offending behavior. A marginally significant difference between solo and cooffense directionality was found for all crime types aggregated together (R = 0.92, p =
10

0.08) but not for crime type subsets. Certain crime type and demographic groups
(property, violent, older, and white offenders), displayed more complex distributions of
directionality such as bimodal distributions with diametrically opposed average travel
directions. Overall, it is apparent that the journey to crime distance and directionality is
relatively consistent between solo and co-offenses regardless of crime type and
demographics. Offenders typically travel relatively short distances to offend and we do
find that most offenders display a significant directional preference in the general
direction of the city center, indicating that the downtown area is an important
consideration in offenders’ journey to crime.
These findings imply that if co-offending partnerships do involve offense-related
information exchange or transmission of offending tactics these do not fundamentally
alter an individual’s journey to crime. It is possible that co-offender choices are driven by
proximity and that offenders who live nearby one another display similar journey to crime
travel preferences or that offending information exchange doesn’t result in detectable
changes in awareness space and subsequent behavior. So even if their awareness spaces
compound as a result of their partnership, perhaps they are similar enough that crimes
undertaken alone look similar to those undertaken with someone else or a sense of shared
familiarity with criminal areas dominate offender decision-making. Additionally, the city
center seems to impact both solo and co-offense trips, with the strength of this pull
towards that area washing out any individual-level directional preference that an offender
may impress upon another. This holds regardless of offense type, whether as a result of
public transit, or other environmental elements that act as magnets for offending behavior
and should be recognized as an important element for both criminologists and
practitioners moving forward.
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CHAPTER 2: LITERATURE REVIEW
Journey to crime
Substantial research over the last 40 years has investigated offender journey to
crime, across multiple crime types, in various locations across the globe. The bulk of the
journey to crime research finds that most crime trips involve short distances (1-2 miles)
and crime events occur in relatively close proximity to the offender’s home (Ackerman &
Rossmo, 2015; Capone & Nichols, 1976; Gabor & Gottheil, 1984; McIver, 1981; Phillips,
1980; Rossmo, 2000; Wiles & Costello, 2000). One of the most common explanations for
the short journey to crime distance is the ‘least effort principle’, whereby individuals will
exert the minimal amount of effort or energy to engage in a particular activity (Zipf, 1949).
Both offenders and non-offenders recognize that distance acts as an impedance and tend
to prefer engaging in activities that take less time and effort to reach. Thus, crimes are
most often committed by nearby offenders who also possess some local knowledge about
the criminal opportunities and potential risks that are present in the vicinity of the crime
location (Brantingham & Brantingham, 1981; Capone & Nichols, 1976; Rengert &
Wasilchick, 1985; Wiles & Costello, 2000). The early research into the distance travelled
by offenders was primarily a descriptive exercise, with the first systematic study
undertaken by White (1932) in Indianapolis examining the journey to crime for a variety
of offense types. Numerous studies have been conducted since White’s (1932) work, and
research into the journey to crime has now become an integral part of our understanding
of the relationships between environmental characteristics and offender decision-making
(Groff & McEwen, 2006; LeBeau, 1987; Rhodes & Conley, 1980). The journey to crime
literature recognizes that the ways in which offenders interact with their environment
impacts their travel behavior, and in turn, their exposure to high crime areas and the
criminal opportunities within them (Brantingham & Brantingham, 1993b; Felson, 2008;
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Rengert, Piquero, & Jones, 1999). The practical implications of these findings are
important—the better we understand the underlying drivers of offender decision-making,
the better we can tailor crime prevention efforts and direct police resources (Clarke & Eck,
2005; Felson, 1987; McIver, 1981). Although the general consensus is that offender travel
distances are typically short, it is important to unpack the nuances that exist within the
journey to crime literature regarding crime types and individual-level characteristics.

Crime type variability
Violent crime
Firstly, one of the most consistent findings regarding offender mobility is that an
offender’s journey to crime often varies depending upon the crime type (Baldwin &
Bottoms, 1976; Chainey et al., 2001; Tita & Griffiths, 2005; Wiles & Costello, 2000). This
implies that both criminal opportunity and perception of effort/risk differs across space
and offenders for different crimes. While generally offender travel distances are short,
studies have found that violent crimes typically involve much shorter travel distances than
do property offenses (Ackerman & Rossmo, 2015; Groff & McEwen, 2005, 2006; Rossmo,
2000; Tita & Griffiths, 2005; Wiles & Costello, 2000). In an early study of homicide in
Houston, Bullock (1955) found that crime trips where very short, with 40% involving
distances within one block of the offender’s home and 74% less than two miles. More
recent research has echoed these findings, and found that most homicides take place
within 1 mile of the offender’s home location (Gabor & Gottheil, 1984; Groff & McEwen,
2005, 2006; Tita & Griffiths, 2005). Similarly, studies focusing on offenders who commit
rape or sexual assault find they tend to travel very short distances (less than two miles),
with Block et al. (2007) finding that 31.5% of sexual assaults in Chicago occurred at the
offender’s home (Chainey et al., 2001; Davies & Dale, 1995; Gabor & Gottheil, 1984;
LeBeau, 1987; Pyle, 1976; Rhodes & Conley, 1980; Rossmo et al., 2004). In contrast,
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robbery offenders venture slightly farther than homicide or sexual assault offenders,
potentially due to the instrumental nature involved in robbery, yet most studies still find
travel distances of less than 3 miles (Block et al., 2007; Capone & Nichols, 1976; Chainey
et al., 2001; Gabor & Gottheil, 1984; Reppetto, 1974; Rhodes & Conley, 1980). In addition,
robbery rates are higher in census tracts with greater spatial densities of prostitution, drug
dealing, high schools, and retail businesses controlling for population size; implying that
some robbers are willing to travel greater distances to target these areas (Bernasco &
Block, 2009). Regarding the overall journey to violent crime findings, researchers have
argued that the very short travel distances for violent crimes is a result of the fact that
offenders and victims often have close social relationships or are at least known to one
another and reside nearby (Groff & McEwen, 2005, 2006; Tita & Griffiths, 2005).
Property crime
Conversely, most research has found that individuals who commit property crimes
tend to travel slightly greater distances when compared to violent crime offenders
(Baldwin & Bottoms, 1976; Capone & Nichols, 1976; Chainey et al., 2001; Pyle, 1976;
Reppetto, 1974; White, 1932; Wiles & Costello, 2000). This disparity likely results from
two related concepts; the spatial distribution of criminal opportunities and the costbenefit analysis undertaken by individual offenders. The location of attractive targets is
driven by the underlying environment (e.g. residential vs. commercial corridors), leading
to differential travel behavior depending on the desired target. In addition, an offender
will likely evaluate the effort vs. reward for a particular offense, and more attractive targets
may ‘pull’ offenders farther to maximize profits (Morselli & Royer, 2008; Snook, 2004;
Vandeviver et al., 2015). Studies investigating the journey to crime patterns of residential
burglars often find they travel greater than 1 mile to commit offenses, while commercial
burglars travel even farther to locate targets (Gabor & Gottheil, 1984; Rengert &
Wasilchick, 1989; Reppetto, 1974; Rhodes & Conley, 1980; White, 1932; Wiles & Costello,
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2000). In addition, research has demonstrated that there is a link between travel distance
and profit for burglary and robbery with increased distance resulting in greater earnings
(Capone & Nichols, 1976; Morselli & Royer, 2008; Snook, 2004; Tita & Griffiths, 2005).
There are similar movement patterns with regards to vehicle theft and theft from vehicles,
with offenders often travelling upwards of 2 miles or more to commit an offense (Baldwin
& Bottoms, 1976; Chainey et al., 2001; White, 1932; Wiles & Costello, 2000). These
offenders may seek out areas such as car parks or neighborhoods with greater criminal
opportunities than what is available nearby, leading to the greater travel distances seen in
the research. Additionally, more prolific or professional offenders seeking instrumental
benefit have been shown to travel greater distances to locate particular targets (Ackerman
& Rossmo, 2015; Fritzon, 2001; Johnson & Summers, 2015; Rossmo, 2000). The journey
to crime is clearly influenced by the particular crime committed, however, it is likely that
individual characteristics of the offender also play a role in determining travel distance.

Journey to crime variability by offender characteristics
Although crime type is an important element in the travel behavior of offenders, it
often works in conjunction with specific characteristics of the individual offenders
themselves. Much of the research regarding individual characteristics and their effect on
journey to crime focuses primarily on gender, race, and age. Gender appears to play a role
in the mobility of offenders, with conflicting findings. Some studies have found that males
typically travel farther than females to commit a variety of crimes, proposing that shorter
female crime trips can be attributed to the fact that women tend to commit different types
of crime than men, and are more limited spatially and temporally during the offending
years (Clarke & Eck, 2005; Groff & McEwen, 2006; Rengert, 1975). In contrast, Chainey
et al. (2001), found that female offenders in London travelled farther than males for both
property and violent offenses, with Phillips (1980), reporting similar findings for juvenile
offenders in the United States. Additionally, a simulation model of residential burglars by
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Hayslett-McCall et al. (2008) found that female offenders in Dallas travelled twice as far
as the male offenders.
When it comes to racial differences in journey to crime, white offenders are
consistently more mobile and travel farther than minority offenders across a variety of
crime types (Chainey et al., 2001; Hayslett-McCall et al., 2008; Phillips, 1980; Wiles &
Costello, 2000). One hypothesis is that minority groups tend to be concentrated in poor,
disadvantaged urban areas, and have more limited awareness spaces and travel options
(Ackerman & Rossmo, 2015; Peterson & Krivo, 2010; Rengert & Wasilchick, 1989; Wiles
& Costello, 2000). In addition, it has been argued that offenders are more likely to commit
crime in areas that are ethnically similar to their own neighborhood, with ethnicity often
being closely concentrated in urban areas (Bernasco & Block, 2009; Hayslett-McCall et al.,
2008; Peterson & Krivo, 2010; Reynald et al., 2008).
Traditionally, the research on the age-journey to crime relationship finds that
younger offenders are less mobile than older offenders and that travel distance increases
with age (Baldwin & Bottoms, 1976; Chainey et al., 2001; Gabor & Gottheil, 1984; Reiss &
Farrington, 1991; Rengert & Wasilchick, 1989; Wiles & Costello, 2000). Younger offenders
are constrained both temporally and spatially in their daily activities compared to older
offenders and thus are more likely to seek and discover criminal opportunity locally.
However, there does seem to be a more complex relationship between age and travel
distance than originally thought. A number of recent studies have found that there appears
to be a curvilinear relationship between age and journey to crime (Andresen, Frank, &
Felson, 2014; Clarke & Eck, 2005; Groff & McEwen, 2006). In other words, younger
offenders tend to remain relatively close to home, but as age increases, so does their
mobility up until a certain point, whereby their mobility decreases again. Again, this
pattern likely has to do with the travel opportunities available to offenders at different time
points in the life cycle. In particular, as one ages, they have more freedom, access to a car,
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new relationships, and a growing geographic range that allows them to become familiar
with previously unknown areas. In addition, as they become more experienced as an
offender, they may be better able to spot opportunities and search for targets that were
previously inaccessible. As one continues to age, however, the realities of home life, work,
and other commitments and responsibilities combined with greater risk may lead to
desistance from crime (Sampson, 2009).
A relatively recent line of inquiry in the journey to crime research has
demonstrated that the previous home locations of offenders as well as previous offense
locations are also salient when examining the distance that offenders will travel to commit
crime (Bernasco, 2010; Bernasco et al., 2015; Bernasco & Block, 2009; Lammers et al.,
2015; Wheeler, 2012). The results of this work imply that offenders maintain a working
directory of the areas near previous home and offense locations that they will use to search
for targets. These previous locations only appear to remain relevant for a limited amount
of time after the offender has moved on (within 5 years) but are clearly important to
consider when computing travel distances, as ignoring them may over or underestimate
the true mobility of an offender. This implies that not only is the journey to crime distance
is not merely about reducing time and effort, but that offenders prefer areas that are
familiar, and most people are familiar with nearby locations compared to distant ones.

Measuring distance and distance-decay
Although there appears to be a general consensus on the distance that offenders
travel to commit crime, there are still some elements of the journey to crime that remain
points of contention among researchers. Firstly, the travel distances are typically
measured via straight-line or Euclidian distance (the shortest distance between two
points, or ‘as the crow flies’), Manhattan distance (the sum of North-South and East-West
differences), or network distance (the shortest distance between two points on an existing

17

street/sidewalk network) (Groff & McEwen, 2006; Kent, Leitner, & Curtis, 2006). The
type of distance measure used can ultimately affect the findings of journey to crime
research, and most methods may underestimate travel distance due to the complexity of
the search pattern employed by the offender (Rossmo et al., 2004). Although Euclidean
and network measures are often highly correlated, there are differences when examining
smaller areas and network distance provides larger average distances and researchers
recommend it’s use when measuring distance between residences and other geographic
features (Boscoe, Henry, & Zdeb, 2012; Groff & McEwen, 2006). Relatedly, the majority
of research has conceptualized the journey to crime as the distance between the crime
event itself and the offender’s known home location as recorded at the time of arrest
(Ackerman & Rossmo, 2015). However, there is the potential that the distance between
the home residence and crime event may be incorrectly estimated when offenders actually
begin their journeys from a different anchor point, such as the home of a friend or cooffender (Ackerman & Rossmo, 2015; Wiles & Costello, 2000). Thus, utilizing network
distances and investigating the impact of a co-offender on the journey to crime may help
to clarify the complexity of measuring the journey to crime.
In addition to questions of measurement, we have a long-standing subject of
debate regarding the underlying distributions of aggregate crime trips. Namely, that
although most research finds the distribution of crime trips tends to follow a distancedecay function (the number of crime events decreases as the distance from the offender’s
residence increases), this has been debated among researchers (Kent et al., 2006). Van
Koppen and De Keijser (1997) argue that the distance decay findings in the journey to
crime literature suffer from the ecological fallacy and inferring individual distributions
based on the aggregation of crime trips obscures individual variability leading to false
assumptions about the travel patterns of offenders. Researchers have recently attempted
to further elucidate this issue by accounting for the inherent nested structure of the data
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by utilizing multi-level modeling. Smith, Bond, and Townsley (2009) found that when the
nesting of individual crime trips within offenders was taken into account, 65 percent of
the variation in the crime trip data was at the offender level. Additionally, Townsley and
Sidebottom (2010) contend that distance-decay is likely caused by individual offending
patterns of the most prolific offenders, who ultimately bias aggregate results. However,
other researchers have argued that the methods used to examine intra-offender distance
distributions are subject to problems regarding outliers and sample size and have used
biased simulated crime trips (Johnson, Taylor, & Ratcliffe, 2013; Rengert et al., 1999). This
debate reflects the importance of better understanding the micro-dynamics between
offenders, victims, and place, rather than simply questions of spatial aggregation to
explain the concentration of crime (Eck et al., 2017).
In summation, the journey to crime research indicates that offenders do not travel great
distances to commit crime. That said, it is important to take note of the distinctions in
terms of crime type and offender characteristics that exist across the literature. The
differences in journey to crime distance have important implications for this research as
violent crime trips are found to involve shorter travel distances than do property offenses
(Ackerman & Rossmo, 2015; Groff & McEwen, 2005, 2006; Rossmo, 2000; Tita &
Griffiths, 2005; Wiles & Costello, 2000). This is likely the result of the instrumental vs.
expressive nature of different crime types that would impact the search for crime targets
and could be impacted by the presence of co-offenders. Additionally, the research
discussed above highlights the role that individual-level traits have on their journey to
crime. Age, race, and gender have all been shown to impact crime trips, with younger
offenders, minority offenders, and female offenders travelling shorter distances
(Ackerman & Rossmo, 2015; Gabor & Gottheil, 1984; Groff & McEwen, 2005; Reiss &
Farrington, 1991; Rossmo, 2000; Tita & Griffiths, 2005; Wiles & Costello, 2000). Finally,
although conflicts do exist among researchers interpretations of these findings, journey to
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crime researchers argue that the residence to crime distance is a useful and integral tool
for police investigations and geographic profiling (Groff & McEwen, 2005; Rossmo,
2000). Thus, the focus of the proposed research on how individual crime trips are
impacted by fellow offenders will contribute to this rich line of inquiry.

Directionality
Directionality of offending is a different but related element to distance when
examining the journey to crime. As discussed previously, a majority of the research into
the journey to crime investigates the role of distance and finds that offenders typically do
not travel far for crime commission. However, these studies often neglect the role of
directionality, or the heading that offenders choose when travelling to crime locations.
When considering offender directionality and the idea of directional consistency (i.e., does
an individual always travel in the same direction) we are concerned with the way offenders
orient themselves from their home locations to their offense locations. Environmental
criminological theories emphasize that offenders prefer to commit crimes in areas they are
more familiar with, which implies that there should be some consistency in the direction
that offenders will head when committing crime.
The two theoretical perspectives that are most relevant for directionality are crime
pattern and temporal constraint theory (Brantingham & Brantingham, 1981, 2008; 1993b;
Ratcliffe, 2006). Essentially as individuals move between nodes along paths, these areas
and those immediately surrounding them constitute their awareness and activity spaces
which propel their movement in a certain direction. If most of those nodes are
concentrated in one bearing in relation to home, as opposed to randomly distributed their
movement patterns will display a strong directionality.
Furthermore, Ratcliffe (2006) emphasizes the importance of time when
considering criminal activity and human mobility. He argues there is an inextricable link
between time and space—because we need to get from node A to node B within a specified
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amount of time, this constrains our spatial behavior and imposes a more focused
directionality to our movement. Thus, due to the temporal and spatial constraints that
dictate our movement between nodes and thus the construction of our awareness spaces,
it follows that spatial behavior for criminal and non-criminal activities will display a
directional preference.
There has been limited empirical research into the directional preferences of
offenders over the last 30 years. One of the earliest examinations of directionality for
offenders was conducted by Rengert and Wasilchick (1985), who conducted extensive
interviews with thirty-five suburban burglars in the Philadelphia area. The researchers
investigated the movement patterns of these individuals by placing a protractor on a map
and orienting the zero-axis on the home-workplace direction and plotting the locations of
the crime sites. Thus, a burglary location measured at 180 degrees would be the opposite
direction from the offender’s workplace. Interestingly, the authors found that more than
50% of the burglaries occurred within a 45 degree angle from the home of the offender.
Thus, the offenders displayed a clear directional preference implying their search for
targets was constrained by their familiarity with areas along their work commute. In
addition, when considering offenders who had gainful employment, upwards of 75% of
their crimes were contained within a 45-degree angle, with most offenses lying just beyond
the workplace or along the path between home and work. When considering other
potential nodes (location of a fence, friend’s homes, recreation sites) there was still a
directional bias yet slightly less pronounced. Soon after, Costanzo, Haperin, and Gale
(1986) examined whether or not offenders who live near one another in Minneapolis
tended to travel in the same direction to offend. They found that regardless of crime type,
offenders who live nearby one another typically travel in similar directions when
committing the same type of crime. Following this early work, there have been only six
additional studies that focus on the question of directional preferences for offenders.
21

Lundrigan and Canter (2001), investigated the location of disposal sites for serial murders
and found that murderers dispose of their victims’ bodies in precisely the opposite
direction from their preceding murders they’ve committed. Similarly, Lundrigan and
Czarnomski (2006) found a clear directional bias for serial rapists’ crime site location
choices as a majority of the offenders operated within a narrow spatial corridor with over
50% of their offenses falling within a 45 degree angle. When comparing the spatial
behavior of serial burglars, rapists, and murderers Goodwill and Alison (2005) found a
strong directional bias overall, with burglars and rapists demonstrating the strongest
sequential angulation, with the majority of their targets being selected within a 90 degree
angle.
There have been three studies that focus solely on burglary offenders, all finding
that burglars display a strong directional consistency and preference, with most operating
in a narrow spatial corridor (Frank et al., 2012; Kocsis et al., 2002; Van Daele & Bernasco,
2012). Additionally, Frank et al., (2012) observed significant differences in the strength of
directionality preference depending on the underlying urban environment, with more
populous areas (implying greater target availability) displaying less focused directionality
bias than less populous areas in British Columbia. Relatedly, researchers have investigated
directional preferences of offenders in order to visualize crime flows of property offenders
throughout the city and to identify potential crime attractors that often pull offenders in a
common direction towards an urban center (Frank et al., 2013; Frank, Andresen, Cheng,
& Brantingham, 2011). Although there has been limited research into the relationship
between directionality and distance, it is likely that there could be some influence of one
on the other, especially considering the lack of familiarity individuals may have in areas
that are farther away. Van Daele and Bernasco (2012) found that longer journey to crime
distances were positively related to directional consistency, implying that the farther
offenders travel the more likely they are to be limited in their search behavior, likely due
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to temporal constraints and their limited awareness spaces at longer distances. Studies of
serial offenders have also found some relationship between distance and direction,
whereby early in their career offenses occur close to home in a narrow spatial corridor and
as they progress they branch out sequentially into different directions away from previous
targets and at farther distances (Goodwill & Alison, 2005; Lundrigan & Canter, 2001;
Lundrigan & Czarnomski, 2006). However, these studies do not explicitly test the direct
relationship between directionality and distance of offending, their findings instead
implying the existence of an underlying relationship between the two, necessitating
further investigation.
Overall, the findings of the limited number of studies indicate that offenders across
crime types all exhibit strong directional preferences, yet many of these studies rely on
small sample sizes and use methodologies that require the measurement of sequential
serial offenses. Unfortunately as Frank et al. (2012) point out, we still have limited
evidence on the effect of co-offending on directionality and offender spatial behavior.
Offenders tend to choose co-offenders from nearby and these offenders may have
overlapping awareness spaces that narrows their directionality. Conversely, offenders’
social networks might highlight new potential targets that fundamentally shift their
directional preferences when comparing solo vs. co-offenses. Thus, the proposed research
will be able to parse out these conflicting possibilities to clarify our understanding of cooffending directionality and spatial behavior.

Environmental criminological theory
The consistent research findings regarding the journey to crime are typically
explained by environmental criminological theories. Whereas traditional criminological
theory has often taken individual criminality as its focus, environmental criminologists
have attempted to understand the contexts in which the crime event takes place,
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specifically the interaction between individuals and their environment. There is a
multidisciplinary approach to the field, drawing from fields such as human ecology,
behavioral geography, and environmental psychology (Brantingham & Brantingham,
1981; Groff, 2008). In this vein, the environmental criminologist is particularly interested
in the confluence of micro-level interactions between offenders, victims, and their
environment, which ultimately give rise to macro-level crime patterns. There are three
main theoretical approaches particularly relevant in the journey to crime and offender
target selection literature; routine activity, crime pattern, and rational choice theory.

Routine Activity Theory
Cohen and Felson’s (1979) routine activity perspective was originally
conceptualized as a macro-level theory that grew out of two seemingly contradictory
societal trends in the United States during the 1960’s and 1970’s; a rising crime rate
coupled with decreasing economic inequality. The authors argued the causes of this
seemingly paradoxical relationship were the structural changes in society since World War
II that ultimately affected the routine activities of individuals (Cohen & Felson, 1979;
Felson, 2008). In particular, women joining the workforce, the rise of vehicle
transportation and ease of travel, coupled with changes in consumer goods resulted in
more desirable targets for offenders and decreased levels of guardianship (particularly
around the home) (Cohen & Felson, 1979; Felson, 1987). Unlike much of the
criminological theory of the time, the routine activity approach was conceptualized to
explain crime, as opposed to individual criminality (Felson, 2008). The authors posited
that predatory crimes are a result of the convergence of three key elements in time and
space: a motivated offender, a suitable target, and the absence of a capable guardian. A
motivated offender consists of an individual “…with both criminal inclinations and the
ability to carry out those inclinations” (Cohen & Felson, 1979, p. 590). It is important,
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therefore, that the offender not only intends to carry out a criminal act, but also must have
the means or capacity to follow through on those intentions. The suitability of a target may
relate to the target’s inherent value, but also to its accessibility and visibility (e.g., lack of
physical barriers such as a locked door). It should be noted that suitable targets are not
always individuals, and may be a car, or a home filled with possessions; the target only
needs to represent something valuable to the motivated offender (Felson, 1987). The
absence of a capable guardian is straightforward—the crime event cannot take place if
there is someone present who could stop it. A guardian is not necessarily an authority
figure such as a police officer or building manager; a capable guardian is any individual
who may intervene in the criminal event, thus deterring the offender (Felson, 2008).
The spatio-temporal context of human behavior is crucial, as crime events are
interdependent upon the daily routine activities of individuals. As crime events do not take
place in a vacuum, the daily activities of the individuals in society have a direct effect on
the convergence of the three key components that lead to a crime event. In their original
paper, Cohen and Felson (1979) argued that the structural changes in society mentioned
previously, resulted in dramatic changes to the routine activities of individuals that
increased the convergence of offenders and targets, while decreasing traditional types of
guardianship. Essentially, as individuals shifted many of their routine activities away from
the home, carrying out their daily routines (going to work, the gym, buying groceries, etc.)
it increased the probability of suitable targets being identified by offenders (e.g. vacant
homes during work hours), ultimately resulting in crime increases (Cohen & Felson, 1979;
Felson, 2008).
Over time, routine activity theory evolved in several ways and has been broadened
conceptually as our understanding of criminal behavior and crime prevention has changed
(Felson, 2008). The original conception of routine activity theory took offenders as a
given, and did not recognize the implication of micro-focused theory like Hirschi’s (1969)
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control theory. However, Felson (1986) linked the two theories, arguing that society
establishes social bonds and attaches a ‘handle’ that works to control potential offenders
and their behavior. The changes in society that were relevant to routine activity more
generally also apply to offenders and their handlers; the accessibility of cars, working
families, etc. have made it more difficult for handlers to exert their control over potential
offenders and influence their behavior (Felson, 1986, 1987). This idea was expanded upon
by introducing the idea of place managers, ultimately resulting in the creation of the ‘crime
triangle’ (Clarke & Eck, 2005). In the crime triangle, there are three elements necessary
for a crime to occur; an offender, who converges with a target or victim, in a particular
place. Each of these three elements then has a ‘controller’, that is someone who is
ultimately able to intervene at one of the three points to prevent or deter a crime from
happening (Clarke & Eck, 2005). The handler is someone who typically knows the offender
and can exert some level of control over their actions, such as a friend, family member, or
spouse (Felson, 1986, 2008). Guardians can be formal or informal, and they exert control
over suitable targets, such as a neighbor, a woman guarding her purse at a bar, or a security
guard at a bank. Target suitability has also been expanded upon with the CRAVED model
to identify particularly vulnerable or attractive targets (see: Clarke, 1999). Finally,
managers are the controllers for places, typically an owner or designee with responsibility
for controlling the behavior in the that particular location, such as a doorman of a building,
a restaurant manager, or a landlord of an apartment (Clarke & Eck, 2005; Eck & Weisburd,
1995). The theory is not without criticism, especially in regard to formal tests of its main
theoretical underpinnings. The idea of a motivated offender is taken for granted in the
theory but difficult to formally test, along with the concept of criminal opportunity and
proxy measures are often used in the latter case. Additionally, some have argued that using
aggregate data (spatially, temporally, and at the crime-type level) violates the assumptions
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of the micro-level theory and are inadequate to formally test the elements of the theory
(Eck, 1995; Pratt & Cullen, 2005).
This theoretical framework applies directly to journey to crime, as offenders move
about their daily lives, they come into contact with criminal opportunities typically near
their routine activities, reducing the need to seek out targets. Furthermore, the routine
activities of other elements of the model such as guardians and place managers ultimately
influence which areas contain vulnerable targets and when, impacting the travel behavior
of offenders. The more familiar an offender is with an area (especially near current or
previous home locations) and the guardianship and place management therein, the more
likely they are to target those areas for crime, compared to areas they are unfamiliar with
but are socio-economically similar (Bernasco, 2010). This likely contributes to the shorter
distances often seen in journey to crime research.

Crime Pattern Theory
As routine activity theory is concerned with the convergence of offenders, targets,
and guardians, crime pattern theory focuses on the underlying spatio-temporal structure
of human activity that drives it. As Brantingham and Brantingham (1993a) note, “Crimes
do not occur randomly or uniformly in time or space or society. Crimes do not occur
randomly or uniformly across neighborhoods, or social groups, or during an individual’s
daily activities or during an individual’s lifetime” (p. 265). All individuals develop stable
routines of behavior over time as they make specific decisions. As these activities are
repeated, decisions become routinized, creating a template for behavior. For instance,
most people have a routine when waking up in the morning or travelling to and from work.
These routinized decision processes ultimately identifies a set of smaller decisions that
work to achieve the individual’s goals, even with a limited amount of information
(Brantingham & Brantingham, 1981; Clarke & Cornish, 1985; Cornish & Clarke, 1986).
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Since individuals are typically part of a network, their behavior templates and decisions
are influenced by peers, family, friends, and associates (Brantingham & Brantingham,
2008). Just as these repeated decisions coalesce to form a guiding template for noncriminal behavior, this occurs for criminal behavior as well and creates a crime template
(Brantingham & Brantingham, 1993a). Crime events also involve a series of actions and
decisions that need to be made, from target selection through the actual commission of
the crime and escape (Cornish, 1994). When the decision processes of individuals are
examined in the aggregate, then typical patterns of criminal and non-criminal behavior
emerge (Brantingham & Brantingham, 2008). In order to better understand the
patterning of crime, these decision rules must then be placed into a spatio-temporal
context.
Individuals move throughout time and space in a repetitive pattern to accomplish
their routine activities, which are typically situated at specific locations such as home,
work, and entertainment corridors. These areas form a collection of ‘nodes’, or places that
individuals regularly travel between. The pattern of repetitive travel between these nodes
eventually becomes routinized, and form ‘paths’. The collection of typical nodes and the
paths that connect them are what form an individual’s ‘activity space’. The area that
surrounds the activity space (usually identified as within the visual range of an individual)
is known as an offender’s ‘awareness space’ (Brantingham & Brantingham, 2008).
Criminals are no different than non-offenders in this way and will likely commit a criminal
act within their awareness space as they are most familiar with these areas and the
criminal opportunities within them. Thus, crime events tend to cluster where there is an
overlap of numerous activity spaces and activity nodes (Brantingham & Brantingham,
1993a, 1993b).
Furthermore, crime locations are dictated by the context of the underlying urban
space the individuals inhabit. The distribution of road networks, activity nodes, physical
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barriers, and differing land-use designations all influence the patterning of crime events
(Brantingham & Brantingham, 2008). The underlying environmental backcloth dictates
how individuals move throughout their day, as there are both temporal and spatial
constraints to contend with such as train schedules, road closures, or one-way streets that
ultimately affect the paths that are formed between activity nodes. In addition,
Brantingham and Brantingham (1995) identify two types of areas; crime generators and
crime attractors that become crime hot spots due to the aggregate combination of
awareness and activity spaces overlapping as people move throughout their daily routines.
Crime generators are nodal areas that attract large numbers of people for non-criminal
purposes, such as shopping malls, entertainment districts, or sports stadiums. These areas
produce concentrations of people and other targets at specific times and places that
ultimately are conducive to crime, as motivated offenders in the area recognize and exploit
these criminal opportunities (Brantingham & Brantingham, 2008; Brantingham &
Brantingham, 1995). In contrast, crime attractors are particular places, areas, or
neighborhoods that are well-known for the criminal opportunities that are present there
and thus attract offenders. These areas often become activity nodes for repeat offenders,
such as prostitution strolls, drug markets, or bar districts. These areas may be frequented
by both nearby offenders as well as outsiders who may become aware of the opportunities
there through social networks (Brantingham & Brantingham, 2008; Brantingham &
Brantingham, 1995). However, it is important to note that formal tests of awareness spaces
or the mental template that is implied in the theory are lacking and that the majority of
research relies on testing movement patterns gleaned from administrative data and
discrete choice models as opposed to ethnographic work on offender choice.
The awareness space that is created by routinized movement through space and
time has important implications for an individual’s journey to crime. Specifically, crime
events are more likely to occur in areas where an offender’s awareness spaces and suitable
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targets overlap and offenders feel most familiar and comfortable (Brantingham &
Brantingham, 1993b, 1993a). Conversely, an individual is less likely to commit crimes in
areas that are outside of their awareness space, as they are unfamiliar with the risks or the
opportunities for crime there. Similarly, individuals are limited by the amount of time it
takes to travel between nodes along paths, and often have specific timelines they need to
meet (work, picking up the kids from school, etc.) so they are temporally limited in how
far they can deviate in order to commit particular offenses (Ratcliffe, 2006). Ultimately,
an offender’s familiarity with an area coupled with the distribution of road networks,
activity nodes, physical barriers, and time restrictions associated with them all have an
effect on the patterning of crime events. In addition, crime attractors may fundamentally
alter the journey of offenders as they become aware of the criminal opportunities there
and will travel greater distances to find targets in known area (Brantingham &
Brantingham, 2008).

The Rational Choice Perspective
Attempts at explaining criminality and understanding the complexities of offender
decision-making have always been an integral part of criminological research.
Criminology and sociology often espoused a positivist viewpoint, arguing that individuallevel correlates are the causes of criminal behavior, and explaining crime as the behavior
of a defective animal (Hirschi, 2014). In contrast, Cornish and Clarke (2008) wanted to
present “…offenders as reasoning criminals, using cues present in potential crime settings
to guide their decisions” (p. 24). Rational choice theory assumes that crime is the result of
choice and self-seeking behavior (Clarke & Cornish, 1985; Cornish & Clarke, 1986).
Cornish and Clarke (2008) differentiate between two types of offender decision-making;
criminal involvement and event decisions. Since each criminal event is specific and
different, the offender must consider numerous factors when deciding about their initial
involvement in crime, such as the risks, complexity, or skills required. Once an individual
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decides to be involved in crime, they must make an event decision, concerning the steps
and choices necessary for the crime commission itself. Each offender must make the
decision to be involved in crime, and whether to continue criminal behavior or desist. The
sequence of the crime event itself must also be investigated; not only the modus operandi
of the crime act itself, but also the beginning and end stages of crime commission (Cornish,
1994; Cornish & Clarke, 2008).
Essentially, much like the behavior of ordinary individuals, criminals also have
purposive, rational behaviors and they choose actions which best maximize their goal
attainment and minimize risk. Although the majority of crime is instrumental in nature
and property crimes are most often associated with rational choice theory, research has
demonstrated that expressive violent crimes also serve a particular purpose for the
offender (Anderson & Bushman, 2002; Rossmo, 2000; Rossmo et al., 2004; Tedeschi &
Felson, 1994). Proponents of this perspective do not focus on identifying criminals from
non-criminals like positivist scholars, rather, the focus is on the criminal event itself and
the situational factors surrounding it (Cornish & Clarke, 2008; Hirschi, 2014). Rational
choice emphasizes that the crime act involves the making of choices and decisions
(however ‘bounded’ or rudimentary) and the criminal decision is crime-specific, whereby
different crimes have different benefits and motives for every offender (Clarke & Cornish,
1985; Cornish & Clarke, 1986, 2008). Thus, it is important to look at each crime event
separately and investigate the specifics of how it is carried out, as this may change not only
between crime types but also among offenders (Cornish, 1994). Nevertheless, rational
choice assumes that each offender undertakes some structured decision-making process
when committing a crime. Research into the thought processes of property offenders finds
that there are elements of rational decision-making regarding the choice of targets,
methods, and criminal risk based on situational characteristics (Rengert & Wasilchick,
1985, 1989; Summers et al., 2010; Wright & Decker, 1994). However, rational choice
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theorists do not assume that offenders operate with ‘pure rationality’, it is assumed that
like most people, they operate with a bounded rationality and make decisions under
imperfect conditions without a perfect amount of information (Cornish & Clarke, 2008;
Cromwell et al., 1991; De Haan & Vos, 2003; Simon, 1955). Similarly to the other two
environmental criminological theories above, rational choice theory has been criticized for
the inability to explicitly test some of its elements on a micro-scale often using macro-level
constructs as a proxy and even those that have been formally tested have weak support
(Pratt & Cullen, 2005). Additionally, ethnographic research has found that assuming all
offenders exhibit rational decision-making is not necessarily true and there is considerable
variation in offender rationality and elements of thrill-seeking in crime and what
rationality is displayed is often limited (Katz, 1988; Rengert & Wasilchick, 1989; Wright &
Decker, 1994).
Thus, in relation to the journey to crime research, relevant considerations include
the distance, effort, time, familiarity with the area, and the criminal opportunities present
there. It is assumed that like most individuals, offenders typically operate on the ‘leasteffort principle’, whereby individuals typically will exert the minimum amount of physical
effort to engage in a particular activity (Zipf, 1949). Simply put, as distance traveled
increases, so too does the individual cost (i.e.- resources, time, effort) for committing an
offense. Similarly, the farther an offender travels to commit a crime, the more uncertainty
they may have about the area and the risks involved, making it less desirable place to
search for targets. Ultimately, rational choice theory informs our understanding of
criminal decision-making, and how it may impact macro-level crime patterns, including
journey to crime.
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Co-offending behavior
The study of group offending has been a key facet of criminological research since
the early 1900’s (Sarnecki, 2001; Warr, 2002). It is crucial to better understand group
crime dynamics, as co-offending research has demonstrated that committing crime with
others can alter offending behavior and careers. Although co-offending relationships are
typically short-lived, and rarely involve the same accomplice(s) more than once, it is
recognized that co-offending acts account for a substantial portion of all crime (McGloin
& Piquero, 2010; Reiss & Farrington, 1991; Sarnecki, 2001; Warr, 1996, 2002). Ultimately,
these co-offending connections are important sources of information as they “…can lead
to sharing new methods of committing crime, identification of potential targets,
information about police activities, and opportunities to be part of specific criminal
enterprises” (McAndrew, 2000, p. 53). Group offending can entrench individuals deeper
in a criminal lifestyle, and fundamentally alter their modus operandi as individuals learn
particular deviant behavior and skills from their peer relations that can then be
transmitted throughout their social network (Felson, 2003; Sarnecki, 2001; Warr, 2002).
These co-offending ties are pathways through which criminogenic influence flows and is
transferred—whereby offenders learn to cooperate, acquire knowledge, and develop
expertise (Bastomski et al., 2017; Ouellet et al., 2013). Additionally, recent research has
demonstrated that these co-offending ties also have macro-level impacts, whereby
neighborhoods are connected through co-offender networks that drive aggregate level
crime rates (Papachristos & Bastomski, 2018). Therefore, it is important to recognize the
key role co-offending and co-offender networks play: beyond being simple descriptors of
criminal events, they also shape offender behavior.
One of the most important aspects of co-offending is the availability of cooffenders, who help to provide important opportunities for crime because peers help to
form ‘interactional’ skills and drive criminal behavior. As Warr (2002) points out;
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…criminal events often depend not on the activities of any one
individual, but on the intersections between the criminal careers of
numerous offenders…opportunity is not only temporally and spatially
structured, but socially structured as well, and opportunities for crime
have as much to do with relations among offenders as with those
between offenders and victims. (p. 86)
Having readily available and willing co-offenders that are located nearby appears
to have an immediate impact on the type of crimes that can occur in an area. Co-offending
relationships are likely built among individuals who come into contact with one another
throughout their daily lives, or as a product of their routine activities (Felson, 2003;
Pettersson, 2003; Warr, 2002). In addition, the presence of those co-offenders at a
particular time and place are necessary for particular crimes to occur, as accomplices may
be necessary (e.g. to act as a lookout). Thus, the availability of co-offenders acts not only
as an enabling mechanism but also as a limiting one if there are no co-offenders present
at the time (Felson, 2003; Warr, 1996, 2002).
Beyond the simple necessity of co-offenders being present and available,
participation in these criminal networks makes information or resources about potential
criminal opportunities known to other offenders. Studies of offending groups have found
that there is increased access to resources necessary to commit crime compared to
individual offenders, which in turn increases individual criminal capital. Offenders can
recognize the necessity of co-offenders and their utility in certain situations, and thus will
cooperate with one another in order to maximize personal gain (Bastomski et al., 2017;
Lantz & Hutchison, 2015; McCarthy et al., 1998). Additionally, the greater number of
unique co-offenders one is tied to likely increases their exposure to criminal capital and
other resources. As McGloin and Piquero (2010) found, offenders who had more diverse
co-offending networks tended to commit a wider variety of crimes, whereas individuals
with fewer co-offending ties were more likely to engage in the same offenses over time.
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In addition to co-offending ties increasing criminal capital and opportunity, there
is also a direct impact on the offending patterns and behaviors of individual offenders. The
presence of co-offenders might ultimately help to facilitate offending and alter an
individual’s offending patterns not only by exposing them to new opportunities, but also
because it alleviates individual responsibility and exacerbates peer pressure. The fear of
ridicule or rejection of peers has been posited to drive some offenders to commit acts that
they would normally avoid on their own, while feelings of loyalty and group dynamics
ultimately act as cover for certain immoral behavior (Sarnecki, 2001; Warr, 1996, 2002).
Indeed, research into the role of co-offenders in violent offending has demonstrated that
co-offending groups commit more violent crime than solo offenders. Furthermore, nonviolent offenders who commit an offense with a violent co-offender are significantly more
likely to commit a violent offense at some point in the future. This suggests that there is
some kind of ‘learning process’ that occurs between co-offenders (Conway & McCord,
2002). Researchers have also found that the number of co-offenders matters, and as
additional accomplices are added, the likelihood of a violent crime being committed
increases, indicating the group dynamics mentioned above may play an important role in
shaping individual offending behavior when others a present (McGloin & Piquero, 2009).
Not only is the type of offending altered by the presence of co-offenders, but the
frequency and duration of offending may be affected as well. Just as offenders may be
coerced to commit more serious violent offenses, they may feel pressured to continue
offending beyond when they may typically stop (Andresen & Felson, 2009; McAndrew,
2000). Studies have found that individuals are more likely to continue co-offending when
their co-offenders are demographically similar to themselves (Charette & Papachristos,
2017; McGloin & Piquero, 2010; Reiss & Farrington, 1991). Thus, individuals who are alike
in age, gender, and/or race, are probably more willing to trust one another and share
similar attitudes and experiences, strengthening their co-offending ties.
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It may also be the case that the more embedded in a co-offending network that one
becomes, the longer one remains in a criminal lifestyle. For instance, larger groups of cooffenders tend to offend over longer periods of time and having co-offending ties increases
the offending span of individual offenders (Charette & Papachristos, 2017; Conway &
McCord, 2002; Felson, 2003; Lantz & Hutchison, 2015; Warr, 2002). Targeting particular
individuals within these co-offending groups (i.e. ‘instigators’) has been associated with
decreased offending among their connected co-offenders (Lantz & Hutchison, 2015;
McGloin, 2005). Likewise, individuals with any co-offending ties tend to offend at greater
rates than solo offenders (Charette & Papachristos, 2017; Lantz & Hutchison, 2015; Reiss
& Farrington, 1991; Sarnecki, 2001). However, the findings of increased rates of offending
and the lengthening of offending careers when co-offenders are present may be a function
of the protective nature of committing crime in groups (Warr, 2002). Larger criminal
groups may provide protection and ultimately make police intervention more difficult, as
offenses committed with co-offenders have been shown to be associated with lower risk of
arrest and re-arrest (Ouellet et al., 2013). Co-offenders undoubtedly have an impact on
individual behavior and offending patterns, which has implications for the role these ties
may have in altering target selection behavior. These findings also naturally lead into
questions regarding the relevant factors that drive co-offending ties to form, and between
whom.

Co-offender selection
One of the fundamental questions in research into co-offending is the process by
which individuals identify and select co-offenders. There are varying theoretical
perspectives regarding the process of locating and choosing whom to offend with. The
theoretical explanations of co-offender selection fall along a spectrum of rationality, with
some scholars viewing this process as highly rational and explicit, and others as
spontaneous and incidental (Pettersson, 2003; Tremblay, 1993; Warr, 2002). Regardless
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of the theory regarding co-offender selection, most research finds that groups tend to be
smaller (typically consisting of only a pair of offenders) and demographically homogenous
(Reiss & Farrington, 1991; Warr, 1996, 2002; Weerman, 2003). The members of cooffending networks, like most social networks, are typically similar in age, gender, race,
and socioeconomic status which all play a role in offender target selection.
Based on the co-offending literature, we know that propinquity and homophily are
important factors in establishing co-offending relationships (McGloin & Piquero, 2010;
McPherson et al., 2001; Reiss & Farrington, 1991). In other words, co-offending ties are
typically established between individuals who are demographically and spatially ‘nearby’
i.e. approximately similar. These findings imply that there is some kind of search behavior
involved in co-offender selection that relies on elements of rational choice. This extension
of the rational choice perspective suggests that offenders search for co-offenders that will
maximize their criminal gains while minimizing risk of exposure or arrest (Tremblay,
1993). Weerman (2003) has argued that the features of co-offending relationships can be
described in terms of social exchange, stressing the importance and necessity of trust and
equal exchange between co-offenders. As discussed previously, co-offending enables
individual offenders to pool resources and criminal capital, thus enabling them to be more
effective than if they worked on their own yet it also increases their risk of apprehension.
Additionally, offenders with past criminal experience together are more likely to co-offend
in the future as trust and capital is built over time (Charette & Papachristos, 2017;
McCarthy et al., 1998). The more attractive that a potential accomplice is in terms of the
amount of capital they can bring to bear for a particular crime, the more likely they are to
be selected as a co-offender.
It is important to note that the type of co-offender and criminal capital necessary
for an offense will depend on the crime to be committed, which may explain the short
duration of most criminal relationships. Moreover, the view of co-offender selection as a
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social exchange/criminal capital search process may also clarify why co-offending groups
tend to be homogenous (McCarthy et al., 1998; Weerman, 2003). Individuals who share
demographic similarities with different forms of capital are more likely than
demographically dissimilar individuals to build the trust necessary to form co-offending
relationships that provide the opportunity and expertise necessary to commit crime
(McPherson et al., 2001; Tremblay, 1993). In addition, an offender may be more likely to
trust an individual who lives nearby as they share similar experiences and may be
connected through another part of their social network.
Another important element in the search for co-offenders is the role played by
geographic and social space. The manner in which individuals search for co-offenders is
conditioned and limited by an individual’s immediate geographic and social environment
(Reiss & Farrington, 1991; Schaefer, 2012; Tremblay, 1993). This ties into the theoretical
principles of routine activity, and crime pattern theory discussed previously. It is much
more likely that the search for co-offenders will be limited by one’s routine activities and
awareness space and will thus reflect the demographic realities present there. In other
words, due to the fact that similarly socially situated neighborhoods are located near one
another, the offenders and potential co-offenders living within them would likely share
those characteristics. Just as targets and motivated offenders converge in space for crime
to occur, it is likely that demographically similar individuals need to converge during their
routine activities where their awareness spaces overlap, thereby increasing the likelihood
of forming co-offending bonds. Indeed, research has demonstrated that social
neighborhood ties are more likely to form among those who are spatially and socially
closer to one another (Hipp & Perrin, 2009; Schaefer, 2012).
As much of the co-offending is committed by younger offenders the literature has
focused primarily on juveniles, so it makes sense that living nearby one another and being
socially proximate are common in co-offending relationships. Younger offenders are often
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constrained in their ability to travel and often meet individuals through school or
neighborhood groups, that are often similarly socially situated (Reiss & Farrington, 1991;
Sarnecki, 2001; Warr, 2002). However, recent research by Papachristos and Bastomski
(2018) found that even individual co-offending incidents can link together to create
neighborhood networks despite being geographically distant, thus facilitating crime across
a city. The results of their analyses reveal a large, highly connected co-offending network
that is stable over time despite changes in crime rates. In addition, the authors found that
the co-offending ties between neighborhoods are still strong among socially similar
neighborhoods, irrespective of the geographic distance between them. Although the
authors expressly state they lack the data to investigate how these ties form or persist, they
posit that they could be due to relationships among school catchment/busing practices,
gang membership, familial ties, or housing/governmental policies. Some of these factors
may be less salient as offenders age, and their mobility increases, but are likely still
important factors as co-offenders are often selected from a pool of socially similar others
who provide the adequate amount of criminal capital necessary for that particular crime,
regardless of physical distance. There is still a good deal that is unknown about whether
or not the criminogenic influences and social exchanges inherent in co-offending
relationships ultimately affect the target selection and spatial behavior of offenders, as
spatial distance appears less salient than previously thought.

Summary of the literature
At this point, it is worthwhile to summarize the main points that are relevant and
what they mean for the current research. Generally, offender decision-making is assumed
to display bounded rationality and driven by an individual’s desire to maximize profit and
minimize risk and is constrained by the underlying environmental backcloth. We know
from the journey to crime literature that offenders typically travel short distances in a
consistent direction in order to offend. These may vary by crime type, but in general,
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offenders

feel most comfortable

committing

crime

in areas

that

they are

familiar/comfortable in. Thus, they target neighborhoods that are within or nearby their
awareness spaces. However, the majority of studies that focus on offender target selection
either ignore distinctions between solitary and group offenders, or treat co-offending
incidents separately for each individual involved (Bernasco, 2006). This leaves a
considerable gap in the literature, as we know a majority of crime is undertaken with
accomplices and that the presence of co-offenders fundamentally alters criminal behavior.
Additionally, we know that individuals typically choose co-offenders who are similar to
themselves both spatially and socially, implying that they would share similarities in
awareness spaces and target choices. Considering the literature reviewed, this proposed
research aims to explore whether or not there are significant differences in the distance
and directionality of an offender’s journey to crime when comparing solo vs. co-offenses.
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CHAPTER 3: METHODOLOGY
Research question and hypotheses
Based on our current understanding of where offenders choose to offend and the
complex dynamics of co-offending groups, there are important questions that remain
unanswered. Broadly, as offender decision-making is driven by personal awareness space,
directionality, and physical distance, how does the addition of a co-offender alter their
spatial behavior? Does the inclusion of a co-offender significantly change the distance
and/or directionality of offending when comparing incidents involving co-offenders to
those involving a solitary offender?
The journey to crime research presented in the preceding sections suggests that
offenders typically travel short distances from home to commit crime (within 1-2 miles),
and operate within a narrow spatial corridor (Ackerman & Rossmo, 2015; Capone &
Nichols, 1976; Groff & McEwen, 2005; McIver, 1981; Rossmo, 2000; Wiles & Costello,
2000). Although an understudied area within the geography of crime, the literature does
find that offenders display a strong directionality, whereby offenders tend to commit
offenses in a consistent orientation and this is typically consistent across all their offenses
(Frank et al., 2012; Goodwill & Alison, 2005; Lundrigan & Canter, 2001; Lundrigan &
Czarnomski, 2006; Rengert & Wasilchick, 1985). Spatial distance and directionality are
thus key factors governing the decision of where to offend, yet the effect that co-offenders
(and their awareness spaces) exerts on criminal spatial behavior remains underexplored
in the criminological literature (Andresen & Felson, 2009; Bernasco, 2006; Frank et al.,
2012).
Research using cell phone and social media data investigating the non-criminal
mobility of individuals has demonstrated that our friendship networks impact our travel
behavior, and the farther an individual travels from home the more likely it is that this trip
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is influenced by a member of their social network (Cho et al., 2011). This presents an
interesting contradiction that highlights the importance of this research; we know that the
awareness space of offenders leads to relatively stable travel patterns for offending and
that our social networks influence our travel behavior, yet we also tend to choose cooffenders who live nearby. Which of these mechanisms is most important for determining
the travel behavior of co-offending groups? Do our social networks truly change our spatial
offending patterns, or does the propinquity (the state of being close to someone) element
of co-offender selection prompt nearby offenders to all display similar directionality, as
seen in Costanzo et al. (1986)? Thus, it is important to examine whether exposure to
criminal others may make a solo offender cognizant of criminal opportunities or target
areas that they were previously unaware of, leading them to exhibit different spatial
behavior when committing co-offenses compared to their solitary offenses.
Considering the literature reviewed and the complexity of offender spatial
behavior and target selection, the following hypotheses are proposed. The spatial pattern
that each hypothesis intends to examine is indicated by the figures below, where ‘splash’
icons indicate crime locations around the rectangular blocks that represent home
addresses of offenders.

H0: There is no significant difference in distance or directionality when comparing
offenses that are committed alone to those committed with a co-offender.

Figure 1- Null hypothesis

42

H1: There is a significant difference in distance travelled to offend when comparing
offenses that are committed alone to those committed with a co-offender. This research
anticipates co-offenses will involve longer travel distances than solo offenses.

Figure 2- Alternative hypothesis 1

H2: There is a significant difference in the direction that an offender will travel to offend
when comparing offenses that are committed alone to those committed with a co-offender.

Figure 3- Alternative hypothesis 2

H3: There is a significant difference in both the direction and the distance an offender
will travel when comparing offenses that are committed alone to those committed with a
co-offender.
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Figure 4- Alternative hypothesis 3

In light of the research highlighted above, it would be expected that solo offenses
would have shorter journey to crime distances and more focused directionality, whereas
those committed with a co-offender would alter their spatial behavior in a detectable way.
That said, to try and model each potential scenario and use it as a comparison to prove
these hypotheses is a challenging undertaking. For instance, there may be instances with
multiple co-offenders, and using typical distance or directionality measures would be
confounded by which co-offender to choose as the ‘influencer’ (i.e. the individual whose
location impacts the spatial behavior of their co-offender) of individual behavior. There is
also the confounding issue of individuals who live in the same neighborhood, and how to
deal with measuring distance. Finally, a situation may arise where solo and co-offenses are
seemingly evenly distributed between the solo and the co-offender’s home location,
complicating efforts to detect differences in distance and directionality. There are likely
infinite contingencies and further examples that could impact the effective measurement
of distance and directionality, and numerous complex methods for dealing with them.
Therefore, this research will attempt to simplify the measurement of offender movement
and directionality in order to examine whether or not the hypothesized spatial behaviors
emerge. The following sections will outline the dataset, how it’s being subset for analysis,
and finally the measures and analyses that will shed light on this complex problem.
44

Finally, how might the findings change depending on the crime type examined or
the demographics of the offender? Journey to crime literature has demonstrated that
property offenders may travel farther than violent offenders and older, white offenders
travel farther than their younger, non-white counterparts. Therefore, does this hold true
when co-offending is compared to solo offender behavior (Groff & McEwen, 2006; Wiles
& Costello, 2000)? Furthermore, research into directionality has shown that serial rapes
and burglaries display strong directionality but serial murders do not; therefore, might
directionality be impacted differently for separate crime types when co-offenders are
present (Frank et al., 2012; Goodwill & Alison, 2005)? Thus, this research also examines
the impact of co-offending ties on directionality and distance in offending across crime
types and offender demographic categories.

Study site
The study site is the city of Philadelphia, Pennsylvania. In 2016, Philadelphia was
the fifth largest city in the United States with an estimated population of 1,559,938 (U.S.
Census Bureau, 2016). Of those individuals, approximately 35.6% identify as white nonHispanic, 43.9% identify as black non-Hispanic, and 14.8% as Hispanic or Latino. The
median household income in Philadelphia in 2016 was $39,770, with an estimated 25.9%
of the population living below the poverty line (U.S. Census Bureau, 2016).
Philadelphia has historically dealt with high levels of violent and property crime.
Compared to the other 5 most populous cities in the country in 2017, Philadelphia ranked
third in crime rate 3,936 per 100,000 residents, just behind Houston (5,165.2 per 100k)
and Chicago (4,297.5 per 100k) (Grawert & Kimble, 2018). In 2017, the city experienced
63,282 Part I offenses (Philadelphia Police Department, 2018). In particular, the number
of homicides in the city rose 14% from 272 to 310 between 2016 and 2017. Comparatively,
the number of other violent crimes in the city actually declined over the same period, from
1% in aggravated assaults to a 9% decrease in armed robbery across the city (Philadelphia
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Police Department, 2018). Property crimes declined roughly 2% overall, with the largest
decreases seen in residential burglary and motor vehicle theft. As in most major cities,
Philadelphia’s crime tends to concentrate in particular hot spots throughout the city with
a disproportionate number of blocks driving the majority of the crime.

Dataset
Philadelphia Police Department Data
The data used in the following research was provided by the Philadelphia Police
Department (PPD). The data consists of official arrest incidents throughout the city from
2010-2017. The final dataset consists of 276,534 records. Each individual record is an
arrest of a single person, so there are multiple entries for incidents in which more than
one individual was arrested. Each record consists of the following:
•

an incident ID number,

•

the dispatch date-time for the incident,

•

date-time of the arrest,

•

the UCR code for the offense,

•

the police district where the incident occurred,

•

the gender/age/race of the arrestee,

•

a unique offender ID (a.k.a. researcher ID anonymized by the PPD), and

•

the anonymized locations for the arrest, incident, and home address of the
arrestee.

These locations have been anonymized by allocating the XY point data to the
nearest block centroids and provided with the corresponding block GEOID. The
anonymized offender ID’s uniquely identify individuals throughout the dataset and are
issued at the time of first arrest and remain the same for each subsequent arrest. The
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incident ID’s allow the researcher to link individuals who were arrested for the same
incident and thus are considered co-offenders for the purposes of the study.

Defining solo vs. co-offenses
Before beginning any analysis, the full PPD dataset of 276,534 records has been
systematically subset into a final dataset of solo and co-offenses as can be seen in Figure
5. The numbers in the bullet points correspond to individual arrest records NOT individual
offenders (except where noted). To begin, the records were separated into those that
involved repeat offenders only, as we are comparing solo and co-offenses, which dropped
80,814 cases, leaving 195,720. The data was further broken down into a ‘mixed’ offense
subset—incidents that involve repeat offenders who have committed both solo and cooffenses (and during this process duplicate records were also purged) which dropped
100,312 records and retained 95,408. Further cleaning was done to eliminate records that
were missing a block and/or incident GEOID and those records that are missing a
researcher ID code (i.e. unique offender ID) which dropped 8,209 cases, leaving 87,199.
As mentioned previously, in order to avoid methodological and conceptual issues related
to the arrest of multiple offenders at a time, the data was further subset to only those
records involving a solo offense or a co-offense with ONE other offender. This eliminated
17,986 records and retained 69,213. Finally, this dataset was further refined by eliminating
records that would not provide at least one matching observation in each final dataset, had
an incorrect dispatch date (cases where the arrest occurred between 2010-2017 but the
offense did not), or was coded as a ‘recovered automobile’ offense. The purpose of
dropping this particular crime type is that an arrest involving a recovered stolen
automobile may actually occur in a completely different neighborhood than the initial
offense itself, complicating the geographic analyses and conclusions. This dropped a final
18,285 records and results in a final joint dataset of 50,928 arrest records containing
14,735 individuals who have committed at least one solo and one co-offense.
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It is important to note here that variable comparisons were conducted at each step
of this subsetting process to help contextualize the final sub-sample used for analysis and
make sure that case attrition does not impact the overall make-up of the final sample.
Crime type differences were investigated across each of the subsets, focusing on Part I
crimes only. In addition, key demographic variables were examined throughout the
subsetting process, namely age, gender, and race. This descriptive process is presented in
Table 1 below, with the exception of mean age which was 30.6 years for the original dataset
and 28.5 for the final dataset. This frequency table is intended simply to convey how
closely the final data for analysis mirrors the starting dataset. This is a key point, as the
final subset is not necessarily intended to be representative of the overall patterns
observed in the original population dataset. This research is focused on analyzing a specific
but non-representative (of the overall population) subset of offenders.
From this joint dataset of solo and co-offenses involving the same individual (seen
in the last step of Figure 5), records were separated by whether they were a solo or cooffense and retained as their own separate datasets. Simply put, these two final subsets
contain the same 14,735 individuals but one subset contains records of when the offender
committed a crime on their own, and one subset for when they were arrested with a cooffender. For example, individual X was arrested for a solo burglary, as well as a burglary
at another time with individual Z. This individual’s solo arrest(s) and the information
known about them at the time of arrest are in one dataset while having a separate entry
for the later arrest in the co-offending dataset.

Case selection for analysis
From these two main datasets (solo and co-offenses), the records used for
comparative analysis were randomly selected from each dataset to eliminate any issues
stemming from having to choose which records to include when individuals have multiple
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arrests in either dataset. Thus, each offender has a single record in each dataset, forming
pairs of offenses, one solo and one with a co-offender. This random selection process was
undertaken differently depending upon whether an individual is responsible for multiple
offenses in each dataset. Therefore, there are three different but related random selection
scenarios to account for repeat offending:
1. Offenders who have multiple solo and co-offenses
2. Offenders with multiple solo offenses but a single co-offense
3. Offenders who have multiple co-offenses but a single solo offense.
As mentioned previously, each arrest record has a date field associated with it identifying
when the incident itself occurred, not the arrest. For selection scenario 1 (an offender has
multiple solo and co-offenses), one of the individual’s solo offenses was randomly selected
and their corresponding co-offense that occurred closest in time (before or after) to the
randomly chosen solo offense was selected to complete the matched pair. In selection
scenario 2, (multiple solo offenses and a single co-offense) the single co-offense acted as
the temporal reference offense and the closest temporal solo offense was chosen from the
multiple solo offense options. Finally, in selection scenario 3, the single solo offense was
selected as the temporal reference and the co-offense that occurred closest in time was the
one chosen to complete the matched pair. This systematic process is intended to limit
confounding temporal issues stemming from maturation processes that may occur with
offenders who have committed multiple offenses over multiple time periods.
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Original
dataset

80,814

• 276,534 cases

Repeat
offenders

100,312

• 195,720

Repeat mixed
(solo & cooffenses)

8,209

• 95,408

Mixed with
complete
GEOID/PID

17,986

• 87,199

Solo or 1 cooffender only

18,285

• 69,213

Final dataset
(matched
offenders)

• 50,928
• 14,735

Figure 5- Data cleaning process (numbers in red indicate cases lost in each step)
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Table 1- Attrition analysis

Variables
White
Black
Latino
Other/Unknown
Male
Female
Property Crime
Violent Crime
Drug Crime

Original Dataset
(N = 276,534)

Frequency
49,629
159,083
39,747
28,075
205,672
45,578
71,238
54,425
144,789

Percent
17.9
57.5
14.4
10.2
81.9
18.1
25.8
19.7
52.4

Final Dataset
(N = 50,928)

Frequency
7,632
33,905
8,970
421
44,835
6,089
14,390
9,778
26,760

Percent
15.0
66.6
17.6
0.8
88.0
12.0
28.3
19.2
52.5

Original vs.
Final Difference
Percent
-2.9
9.1
3.2
-9.4
6.1
-6.1
2.5
-0.5
o.1

A note on statistical inference
Based on the systematic subsetting process outline above, a brief discussion of how
this can impact statistical inference is warranted. The predominant view of quantitative
research and statistical inference assumes that one conducts a statistical test where results
that find non-zero relationships observed in a representative sample are extrapolated to a
population (Blalock, 1979). This process usually involves questions related to the
population of interest and whether one’s sample is a random, independent sample of that
population. However, another valid question is related to making inferences about datagenerating processes (Fotheringham & Brunsdon, 2004). As is clear from the previous
sections, the data that are used for analysis in this research are not necessarily a random,
independent sample that represents a population to make inferences about, but rather a
non-representative sub-sample. This does not make tests of statistical significance any less
valid if the point is to rule out random relationships; as Blalock (1979) points out, even the
use of sub-sample data allows one to “rule out the simple ‘chance processes’ alternative”
(p. 242). This is the aim of the statistical inferences in this dissertation research, using a
systematically generated non-representative sub-sample as opposed to a traditional
sample. Thus, this research is not intended to make inferences from a representative
sample to a population, but rather to rule out that random processes are involved in the
phenomenon of interest (i.e. co-offending impacts on the journey to crime).
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Analysis plan
This research uses linear statistics as well as a set of techniques that fall under the
discipline of circular statistics. This branch of statistics deals with data that can be
represented as points that fall on the circumference of a unit circle such as directional or
cyclical time data (Fisher, 1993; Mardia, 1975). The use of the unit circle differs from the
more traditional linear statistics that most individuals are familiar with and is uniquely
suited to measure the importance of directionality for origin-destination journey research
(Corcoran et al., 2009). Most circular data include directions which are recorded as angles
expressed in degrees or radians (a measurement equal to the angle of a circle subtended
by an arc whose length equals the radius) measured either clockwise or counterclockwise
from an origin point, also known as the zero direction (Fisher, 1993; Mardia & Jupp, 1999).
Circular statistics have been applied in a variety of scientific disciplines to analyze topics
including neuroscience (Drew & Doucet, 1991), wind and wave direction (Bowers et al.,
2000), commuting patterns within a city (Corcoran et al., 2009), to temporal patterns of
crime incidents (Brunsdon & Corcoran, 2006). As an example of the utility of directional
statistics, Corcoran et al., (2009) examined the directionality of commuting trips between
origin-destination zones in Southeast Queensland, Australia and visualized them using
GIS. They found that the use of directional statistics enabled them to more easily create
thematic maps that accurately represented the journey to work compared to the typical
flow diagrams of transportation research. Brunsdon and Corcoran (2006) also used
directional statistics to test hypotheses regarding the temporal pattern of crime incidents
by taking into account the cyclical nature of crime incident data that occurs in a 24-hour
continuum. They found that both criminal damage and disorder patterns differ month to
month, and day to day on a weekly basis, although the patterns themselves were distinct
from one another. The authors highlight the practical ability of circular statistical analyses

52

of official crime data to impact police deployment and operations both temporally and
spatially.
The necessity and utility of circular statistics for measuring the journey to crime in
particular can be illustrated with a simple example. Imagine a collection of angles that
radiate from an origin point at the center of a circle: 351, 341, 28, and 19 (as seen in Figure
6). Computing the linear mean of these values (351+341+28+19/4) equals 184.75, which
corresponds to nearly a due south average direction travelled (dotted line). This is clearly
in contradiction to the northerly direction resulting from a circular mean calculation that
equals 4.75⁰ (dashed line). The following sections provide an overview of the relevant
circular statistics used in this research, though readers interested in an in-depth treatment
are referred to Fisher (1993) and Mardia and Jupp (1999).

0
270

90

180
Figure 6- Linear vs. circular mean

Descriptive measures of directionality
To analyze the journey to crime preferences of solo vs. co-offenders, four related
descriptive measures of directionality are used in addition to distance to better reflect
movement patterns based on the underlying geography of Philadelphia. The mean
resultant length is represented by a value ranging between 0 and 1 (with values closer to 1
indicating less variability in the directions individuals travel), while the sample mean
direction, circular standard deviation, and confidence intervals for mean direction will all
be measured in degrees. All of these measures are similar to those that are used in linear
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statistics adapted for use with directional data and help to give an idea of the underlying
distribution of the data and overall directional preferences (Fisher, 1993). In addition, rose
histograms are included for all datasets to provide a visual representation of the data as
these are better suited to representing distributions of circular data compared to a
traditional histogram (Fisher, 1993; Mardia & Jupp, 1999). Thus, the descriptive
measures, coupled with the visual representations of the data provide a basic
understanding of the underlying travel patterns of the offenders across the datasets.
Before turning to the calculation of these descriptive measures, a brief explanation
of the unit circle and basic trigonometric functions is warranted, and the reader is directed
to Figure 7 below. Think of the unit circle as the face of a compass or a clock, with an origin
point at the center. To locate any point on a plane, one could specify the X and Y (as done
typically in linear statistics) however, circular statistics use a vertical X axis and a
horizontal Y axis. Alternatively, one could specify the angle from the starting point with
respect to a starting direction (e.g. clockwise from the top of the X axis- 0 degrees or
‘North’) and the straight-line distance from the central reference point of the circle. These
two values become the ‘polar coordinates’ of a point. So, for Figure 7 below, V is identified
via the polar coordinates θ = 30 degrees and 1 (as the arrow reaches the edge of the unit
circle).
Utilizing the ‘rectangular coordinate’ system mentioned above, the vertex V would
be identified by X = 0.87 and Y = 0.5. Thus, the sine of the angle θ is the ratio of the X
coordinate divided by the length of V (0.87/1=.87). The cosine of the angle θ is the ratio of
the Y coordinate divided by the length of V (0.5/1=.5). The sine values at 0 and 180 degrees
are zero, and the angles between this range are positive whereas sine values between 180360 are negative. The cosine values are zero for angles at 90 and 270 degrees, with positive
cosines between 0-90 and 270-360 and negative between 90-270. For the purposes of this
research, the polar coordinates of each crime trip will be the primary identification for the
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directionality of crime trips, and for simplification the unit circle is assumed (so V = 1) and
therefore the most important measure is the angle of the trip (θ) as measured in degrees
from clockwise.

1

Figure 7- Circular mean calculation on the unit circle

The first measure, the sample mean direction measures the average angle between
the home and all solo or co-offenses on a clockwise continuum from 0-360 degrees, using
the home centroid as the origin point and the city center as the 0-degree orientation. Thus,
regardless of where the offender resides within the city, their standardized heading is
always towards the same point in the center of Philadelphia. The spatial composition of
the city is an important consideration as the city center is recognized and was designed as
the physical heart of the city driven by entertainment, business, and transit hubs located
there (Hoppenfeld, 1960). The downtown area may also function as a directional magnet
for offenders, reflecting a commonality in the major orientation of offenders to the urban
form (Frank et al., 2012; Frank, Andresen, Cheng, & Brantingham, 2011). To illustrate the

1

0°: sin = 0, cos = 1; 90°: sin = 1, cos = 0; 180°: sin = 0, cos = -1; 270°: sin = -1, cos = 0
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estimation of the directional data for this research and the circular mean in particular,
consider two hypothetical offenders’ journey to crime with the vector V in Figure 8:

V

V
Offender home location
Center city (0° orientation)
Offense Location
Journey to crime vertex (V)

Figure 8- Hypothetical journeys to crime

The vector V represents the direction an offender travelled from their home location (the
triangle at the vertex of the circle) toward their crime location with the difference between
the 0° heading and the directional vector V equaling value θ (i.e.- the angle in degrees).
The sample circular mean denoted by 𝜃𝜃̅, is defined as;
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Equation 1:

1 ∑ sin 𝜃𝜃𝑖𝑖
𝜃𝜃̅ = arctan � ∗
�
𝑁𝑁 ∑ cos 𝜃𝜃𝑖𝑖

where {𝜃𝜃1 , ⋯ 𝜃𝜃𝑛𝑛 } are the N observed values of the circular data placed in the appropriate

circular range (0,2𝜋𝜋) i.e. 0 to 360 degrees (Mardia & Jupp, 1999). If we apply this circular

mean equation to the hypothetical trip data presented in Figure 8, 𝜃𝜃̅ equals 4.8° very close

to 0° (i.e. the city center). The circular mean of a sample thereby provides an accurate
representation of the preferred travel direction of a number of individuals compared to
simply computing the linear average of a group of travel distances by accounting for the
inherent circular nature of the data. Thus, the use of the circular mean is the preferred
method to measure directionality preferences for the journey to crime data used in this
research. Additionally, it is possible to test whether the calculated mean angle has been
correctly specified. Firstly, inspecting the 95% confidence intervals to determine if the
mean value lies within this range is a simple check to determine if the data support it as a
potential value for the underlying distribution. However, this does not necessarily indicate
this it is the true mean angle as all values in between the confidence intervals are

potentially valid. Thus, Pewsey et al. (2013) outline a procedure for testing the null
hypothesis that the sample mean direction is representative of the mean direction of the
underlying circular distribution. The determination to reject the null hypothesis is based
on the test statistic;
Equation 2:

𝑧𝑧 =

𝜋𝜋 − |𝜋𝜋 − |𝑢𝑢𝐵𝐵𝐵𝐵 − 𝑢𝑢0 |
{𝑣𝑣𝑣𝑣𝑣𝑣(𝜃𝜃̅ )}1∕2

Higher values of z compared with the quantiles of the normal distribution, will lead to a
rejection of the null hypothesis (Pewsey et al., 2013). Where the numerator is the angular
distance between the bias corrected population mean direction and the hypothesized
mean direction of a symmetric distribution. Essentially, we are comparing the observed
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value of the sample mean direction with its sampling distribution under the null
hypothesis, so failure to reject null indicates that the mean direction value has been
correctly specified.
The second statistic mean resultant length, measures the amount of concentration
of data points near the circular mean. The mean resultant length is denoted by 𝑅𝑅� is defined
as;

Equation 3:

𝑅𝑅� = �∑ cos 𝜃𝜃𝑖𝑖2 + ∑ sin 𝜃𝜃𝑖𝑖2

The value of 𝑅𝑅� lies between [0,1] with values closer to 1 indicating greater concentration

around the circular mean, indicating a strong directional preference (Fisher, 1993; Mardia
& Jupp, 1999). For the example data presented in Figure 9 below, 𝑅𝑅� equals 0.94

(represented by the length of the arrow representing the mean direction for solo
offenders). Therefore, the less dispersion there is across all the directions travelled, a value

closer to one (and an arrow length nearing the border of the unit circle) indicates a
tendency to of all individuals to consistently travel in the same direction.
A related measure to the mean resultant length is the sample circular standard deviation
𝜎𝜎�, which defined as;
Equation 4:

1

𝜎𝜎� = {−2 log 𝑅𝑅� }2

The circular standard deviation is similar to the linear standard deviation, as there is no
upper bound and larger values correspond to greater degree of spread around the mean.
Thus, these final two measures will provide values that help to quantify the directional
variation and mobility preferences among the individuals within each dataset (Corcoran
et al., 2009; Pewsey et al., 2013). Higher values (closer to 1) on the 𝑅𝑅� measure and a lower

58

value (closer to 0) on the 𝜎𝜎� measure represents a stronger directionality in that these

offenders tend to funnel all their offending behavior in a particular direction with less
evidence of dispersion. Conversely, lower values (closer to 0) on the 𝑅𝑅� and higher values

on the 𝜎𝜎� measure indicate a weaker directionality, whereby offenders tend to offend in

various directions in relation to their home location. Figure 9 demonstrates some
hypothetical directional data to give a sense of what these descriptive statistics look like

visually. Each black arrow represents the direction from home that different offenders
within the dataset would take to commit their respective crimes. In both datasets, the red
dashed arrows represent the mean direction for all included crime trips as well as, the
mean resultant length. For the dataset on the left, one can see that the mean direction is
~15 degrees and there is a greater concentration of trips in that direction overall indicated
by the length of this arrow (i.e. mean resultant length 𝑅𝑅� = 0.94). This would indicate that

there is a stronger directional bias of the offenders, potentially due to the underlying
criminal opportunity structures in particular areas of the city drawing offenders, or even
travel corridors that offenders frequently travel along to offend. In comparison, the dataset
on the right has a mean directional arrow at ~185 degrees, a mean resultant length is closer
to 0 (demonstrated by the short red arrow), indicating that these offenders tend to travel
in a number of different directions and a weaker directional preference.

0

0
90

270
180

90

270
180

Figure 9- Hypothetical circular mean and resultant length
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Distance measure
In addition to measures of directionality, this research also uses a ‘real world’
network distance measure to complement the directionality measures and examine cooffender impacts on an individual’s journey to crime. To measure the journey to crime of
individuals, the distance is measured from census block centroid to census block centroid
for each solo and co-offense incident for all offenders in the dataset. The block centroids
are used as this was a requirement of the Philadelphia Police Department to anonymize
the offender data for use in this research. The distance calculations were performed in the
R statistical programming language using the ‘osrm’ package. This package uses the
OpenStreetMap API to calculate the fastest driving distance (in minutes) and returns the
route length between origin-destination points. In addition, the ‘motorway’ filter was
specified to limit highway travel in the interest of best reflecting the actual travel behavior
of individuals in an urban environment. In some cases, the two estimates (highway
allowed vs. non-highway) differed, but the non-highway trips typically involved shorter
distances in miles and only marginal reductions in speed of travel (in minutes). Thus, the
non-highway distances were chosen as previous journey to crime research emphasizes the
importance of travel distance in miles, as opposed to time. In situations where the
offender’s home address and the crime site both occur in the same census block, the
distances were estimated using the Ghosh (1951) correction. This formula calculates a new
value in place of the zero values on the diagonal of the distance matrix, using the average
distance between two random points in the block, defined as half the square root of the
surface of the neighborhood in square kilometers (Bernasco, 2006; Bernasco &
Nieuwbeerta, 2005; Ghosh, 1951). Typical descriptive statistics such as mean, median,
standard deviation, and skew were all computed using the origin-destination distances.
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Statistical testing
Distance
To determine whether or not there are statistically significant differences in
distance travelled to commit an offense between solo and co-offenses, two comparison
tests were undertaken; the Wilcoxon signed rank test and the Kolmogorov-Smirnov test.
The Wilcoxon signed rank test is used when there are paired samples and the underlying
distribution is not normal. Due to the fact that we are using distance data in miles and
based on previous journey to crime research, the distribution is exponential in nature, and
thus the necessity for the Wilcoxon test. This test takes the difference between the paired
observations and then ranks these differences based on their absolute values from 1 to N
smallest to largest assigning the mean rank in the presence of ties. Then, the positive or
negative signs of each of these observed differences are attached to each rank. The test
statistic is defined as the smaller of the sum of the positive ranks and the sum of the
negative ranks. The null hypothesis is that the median difference between the pairs is zero.
For the purposes of this analysis, it is assumed that the co-offense dataset and solo-offense
dataset will have statistically significant median differences when comparing the distance
travelled to commit an offense. Specifically, it is hypothesized that offenses committed
with a co-offender will have significantly longer travel distances, thus this analysis will use
a one-tailed version of this test.
In order to deal with the potential non-normality of the distributions of solo and
co-offense crime trips, non-parametric Kolmogorov-Smirnov (KS-test) tests were
conducted as well. The KS-test is defined as;
Equation 5:

𝐷𝐷 = max �𝐹𝐹(𝑦𝑦𝑖𝑖 ) −
1≤𝑖𝑖≤𝑁𝑁

𝑖𝑖 − 1 𝑖𝑖
, − 𝐹𝐹(𝑦𝑦𝑖𝑖 )�
𝑁𝑁 𝑁𝑁

61

Higher values of D increase the likelihood of returning a significant p-value and rejecting
the null hypothesis that the two samples come from a similar distribution. In comparing
solo and co-offenses with the KS-test, one is able to determine whether or not the
distributions of crime trips differ between solo and co-offenses. The KS-test generally has
high power for larger sample sizes across a variety of distributional assumptions with
sample sizes over 1000 demonstrated to be powered at 99% (Razali & Wah, 2011).

Directionality
To examine the significance of directionality, circular statistical inference tests
were undertaken. Two main tests were conducted; the Rayleigh test for unimodality/nonuniformity and Moore’s test for comparing two circular samples, both tests require
continuous data measured on the unit circle in degrees or radians. In an example of
Moore’s test involving paired samples, Zar (2010) compares individual bird resting
locations around a tree (using angles measured from 0°-360°) by comparing their angular
ranked differences between the morning and afternoon and finds a statistically significant
difference between the two indicating different directional preferences throughout the
day. First, as suggested by Fisher (1993) and Mardia and Jupp (1999), each dataset was
visually inspected for normality by creating a uniform probability plot, comparing the
sample distribution of the angles θ₁,…θη to those expected in a uniform distribution (i.e.,
all angles are equally likely to occur). If θ₁,…θη is a random sample from the uniform
distribution, the points should lie along a straight line running 45 degrees from the origin
point [0,0] to [2𝜋𝜋, 2𝜋𝜋]. Similarly, an angular Q-Q plot comparing the two data sets’
distributions was examined as well which can be helpful in comparing unimodal samples
(Fisher, 1993)
Next, each dataset was formally tested to see if overall each exhibits a significant
preferred directionality with Rayleigh’s test for circular uniformity (Fisher, 1993; Pewsey
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et al., 2013). This test determines whether or not there is a unimodal directionality present
in the dataset or if points are distributed uniformly around the unit circle. Essentially, the
null hypothesis of this test is that all the points (i.e., directions travelled by offenders) lie
uniformly around the circle compared to the alternative hypothesis of a unimodal
distribution, as would be expected if offenders tend to travel in the same direction to
offend (e.g. towards the city center). The Rayleigh test is the most commonly applied to
test for unimodal departures from uniformity in circular statistics and has been found to
have the highest power compared to other tests on non-uniformity (Landler et al., 2018;
Mardia & Jupp, 1999; Pewsey et al., 2013). This test uses the value of 𝑅𝑅� (as calculated in

Equation 3) rejecting the null hypothesis of uniformity where the specified critical 𝑝𝑝 value

(calculated depending on sample size) is significant at the 5% level. To calculate the
Rayleigh test:
Equation 6:

where 𝑛𝑛 ≥ 50
else 𝑛𝑛 < 50
𝑝𝑝 = exp(−𝑧𝑧) �1 +

𝑧𝑧 = 𝑛𝑛(1 − 𝑅𝑅� 2 )
𝑝𝑝 = exp(−𝑧𝑧)
2𝑧𝑧 − 𝑧𝑧 2
� − (24𝑧𝑧 − 132𝑧𝑧 2 + 76𝑧𝑧 3 − 9𝑧𝑧 4 )/288𝑛𝑛2 ]
4𝑛𝑛

If the null hypothesis is rejected at the 0.05 alpha level or less, it indicates that there is
non-uniform directionality present within the data (although that direction is technically
unspecified and should be confirmed via the calculation of confidence intervals around the
mean). Additionally, when conducting a Rayleigh test of non-uniformity, one needs to be
aware that although the test is powerful in detecting unimodal departures from normality,
it is considerably weaker when the underlying distribution is multimodal (for unimodal
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distributions with n = 100, power is 95%) (Landler et al., 2018). Therefore, a careful
inspection of the data combined with an a priori assumption of unimodality are crucial
when interpreting the results (Fisher, 1993; Pewsey et al., 2013; Ruxton, 2017).
Next, based on the results of the Rayleigh test for each dataset indicating that each
has a non-uniform distribution, the two datasets were compared to examine if they
represent statistically different distributions of crime trips. Due to the nature of the data
and the potential for violations of binormality necessary for using a Hotelling test to
compare paired samples, the non-parametric Moore’s (1980) test for paired circular data
was used to test the null hypothesis that the two samples were drawn from the same
distribution (Zar, 2010). For the purposes of this research, the Moore test indicates
whether or not the mean directionality present in the solo-offense sample differs
significantly from that in the co-offense sample by comparing each individual’s ranked
difference in direction between their two offenses. As described by Pewsey et al., (2013) if
we take the two samples and pair the individual angles, whereby the angles θ₁ and θ₂ are
transformed into rectangular coordinates �𝑥𝑥𝑗𝑗, 𝑦𝑦𝑗𝑗 � where 𝑥𝑥𝑗𝑗 = cos�𝜃𝜃1𝑗𝑗 � − cos�𝜃𝜃2𝑗𝑗 � and 𝑦𝑦𝑗𝑗 =

sin�𝜃𝜃1𝑗𝑗 � − sin�𝜃𝜃2𝑗𝑗 �. Next, for each set of coordinates we calculate:

Equation 7:

𝑟𝑟𝑗𝑗 = �𝑥𝑥𝑗𝑗2 + 𝑦𝑦𝑗𝑗2 , cos 𝜙𝜙𝑗𝑗 =

𝑥𝑥𝑗𝑗
𝑦𝑦𝑗𝑗
, sin 𝜙𝜙𝑗𝑗 =
𝑟𝑟𝑗𝑗
𝑟𝑟𝑗𝑗

The 𝑟𝑟𝑗𝑗 represents the magnitude of the vector that connects the origin point to �𝑥𝑥𝑗𝑗, 𝑦𝑦𝑗𝑗 �, and
𝜙𝜙𝑗𝑗 is the direction measured from the horizontal axis. The (𝑟𝑟𝑗𝑗 ) values are then ranked from

smallest to largest where 𝑅𝑅𝑗𝑗 is the rank of 𝑟𝑟𝑗𝑗 . The final test statistic is defined as;
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Equation 8:

𝑅𝑅�𝑐𝑐2 + 𝑅𝑅�𝑠𝑠2
𝑅𝑅 = �
𝑛𝑛

where
𝑛𝑛

𝑛𝑛

𝑗𝑗=1

𝑗𝑗=1

1
1
𝑅𝑅�𝑐𝑐 = � 𝑅𝑅𝑗𝑗 cos 𝜙𝜙𝑗𝑗 , 𝑅𝑅�𝑠𝑠 = � 𝑅𝑅𝑗𝑗 sin 𝜙𝜙𝑗𝑗
𝑛𝑛
𝑛𝑛

This resulting value is then compared against Moore’s (1980) table of critical values with
larger values of 𝑅𝑅 indicating that there is a significant difference between the two samples,

and that the null hypothesis of a common distribution should be rejected. Thus, the

rejection of the null hypothesis indicates that when offenders are committing crime on
their own they have a significantly different average direction that they travel compared
to the direction they travel when offending with someone else.
Dealing with non-unimodal distributions
However, there are cases where the Rayleigh test fails to reject the null hypothesis
of uniformity indicating that either: (1) all directions are equally likely within that dataset
or (2) that the underlying distribution of crime trip directionality is potentially multimodal. Although quite robust to detecting unimodal distributions, one of the main
drawbacks of the Rayleigh test is its inability to detect multi-modal departures from
uniformity (Mardia & Jupp, 1999; Pewsey et al., 2013; Ruxton, 2017; Zar, 2010).
Therefore, in cases where the Rayleigh test was not significant, additional tests were run
in order to determine whether the underlying distribution was significantly different from
a uniform circular distribution. Firstly, the non-parametric Rao spacing test, Kuiper’s test,
and Watson’s test were used to determine whether the directional data is inherently
multimodal, as these tests can be more powerful than the Rayleigh in identifying these
distributions (Bergin, 1991; Fitak & Johnsen, 2017; Landler et al., 2018; Rao, 1972). In the
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event that the Rayleigh test failed to reach significance, a maximum-likelihood test was
applied to attempt to determine the actual underlying distribution of crime trips. This test
is implemented in the R package ‘CircMLE’ as outlined in Fitak and Johnsen (2017). The
data passed to the ‘circmle’ function is angular data that was transformed into radians in
modulo 2𝜋𝜋 and of class ‘circular’. The underlying methodology used by the package is
based on 10 animal orientation models identified by Schnute and Groot (1992) which can

be classified into three basic categories: a uniform model (random orientation), unimodal
models (a single preferred direction), and bimodal models (two preferred directions).
These bimodal models can be further divided into axial and non-axial types (whether the
two directions are directly opposite on another on the unit circle. As opposed to
subjectively choosing the model with the best fit, the likelihood method allows one to test
multiple directional distributions at once and the best model is determined by the Aikake
Information Criterion (AIC) (Fitak & Johnsen, 2017; Schnute & Groot, 1992). The default
likelihood-optimization method (‘BFGS’) and number of iterations (5,000) were used for
the analysis. The models are ranked according to the AIC value and the differences
between each model and the best ranked model are provided in the results table in R for
comparison along with the estimated model parameters.
Measuring linear-circular association
It is also possible to examine whether there is a statistically significant association
between the distance travelled to commit an offense and the directionality. Simply put, do
we see that longer distances result in a much narrower spatial corridor (i.e.- increased
directionality) vs. less directionality at shorter distances as would be expected under
temporal constraint theory (Ratcliffe, 2006)? Additionally, does this pattern hold for both
solo and co-offense incidents? First, a scatterplot of the two values for both datasets was
created to visually inspect the data. Then, to measure linear-circular association, the
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Johnson-Wehrly-Mardia (JWM) correlation coefficient was calculated (Mardia & Jupp,
1999; Pewsey et al., 2013). For a random sample of linear variable 𝑋𝑋 and circular variable
θ (𝑋𝑋₁𝜃𝜃₁…. 𝑋𝑋𝑋𝑋𝑋𝑋𝑋𝑋), first compute;

Equation 9

𝑟𝑟𝑥𝑥𝑥𝑥 = 𝑟𝑟�(𝑥𝑥1 … 𝑥𝑥𝑛𝑛 ), (cos 𝜃𝜃1 … cos 𝜃𝜃𝑛𝑛 )�
𝑟𝑟𝑥𝑥𝑥𝑥 = 𝑟𝑟�(𝑥𝑥1 … 𝑥𝑥𝑛𝑛 ), (sin 𝜃𝜃1 … sin 𝜃𝜃𝑛𝑛 )�

Then;

𝑟𝑟𝑐𝑐𝑐𝑐 = 𝑟𝑟�(cos 𝜃𝜃1 … cos 𝜃𝜃𝑛𝑛 ), (sin 𝜃𝜃1 … sin 𝜃𝜃𝑛𝑛 )�
2
𝑅𝑅𝑥𝑥𝑥𝑥
=

2
2
𝑟𝑟𝑥𝑥𝑥𝑥
+ 𝑟𝑟𝑥𝑥𝑥𝑥
− 2𝑟𝑟𝑥𝑥𝑥𝑥 𝑟𝑟𝑥𝑥𝑥𝑥 𝑟𝑟𝑐𝑐𝑐𝑐
2
1 − 𝑟𝑟𝑐𝑐𝑐𝑐

2
which ranges between [0,1];
This calculates the JWM correlation coefficient value 𝑅𝑅𝑥𝑥𝑥𝑥

2
with higher values indicating stronger association between the linear variable 𝑋𝑋 and θ. 𝑅𝑅𝑥𝑥𝑥𝑥

is invariant under a change of scale and origin of 𝑋𝑋 as well as under a change of zero or
direction of θ (Mardia & Jupp, 1999). Pewsey et al., (2013) then recommend testing the
2
as the test
null hypothesis of independence by utilizing a randomization test with 𝑅𝑅𝑥𝑥𝑥𝑥

statistic. Thus, providing a measure of the association between distance and directionality
as well as a test of overall significance. It is important to note that this significance test
assumes a sinusoidal relationship which should be evident in the scatterplot, so some
caution is advised when interpreting the absolute significance of this relationship based
on the randomization test without considering the shape of the plot.

Robustness checks
As the dissertation research is intended to answer fundamental questions
regarding co-offending and the journey to crime using a relatively novel methodology for
social science, some internal robustness checks are warranted. The following methods will
help to provide some clarification and confidence in the overall findings and conclusions
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of this research. The first robustness check conducted involved subsetting the data by
crime type (property, violent, drug, and non-drug offenses) and then comparing these
subsets to the overall findings. The existing journey to crime research has demonstrated
that crime trips can differ when looking at property versus violent offenses, so it is
worthwhile to see if these patterns hold for directionality and co-offending crime trips as
well.

Furthermore, there is scant research regarding the effects of crime type on

directional preference of offending, so it is informative to see if directionality mirrors
distance findings in this way. In addition, previous journey to crime research has found
differences in distance travelled when comparing different demographic groups. Thus, the
data was also subset by age and race (gender was omitted due to too few female offenders
in the data), examining differences between younger and older (21+) and white vs. nonwhite offenders.
It is important to note at this juncture that a healthy debate exists within the
statistical literature about the necessity of correcting for the family-wise error rate and the
use of the Bonferroni adjustment (or other similar methods). Generally, the reasoning for
using these corrections is to avoid committing Type I error that arises from multiple
comparisons. However, this assumption implies that there is a ‘universal null hypothesis’
that must be disproven but without examining exactly which of the multiple comparisons
are significant in their own right (Perneger, 1998; Rothman, 1990). Additionally, there is
the issue that these adjustments to the alpha level reduce statistical power and inflate the
chance of Type II error (Gelman et al., 2012; O’Keefe, 2003). It is still important to
recognize this practice, but for the purposes of this research, non-adjusted alpha levels are
presented as the danger of Type I error is minimal as there are a limited number of
comparisons being made in the first place. Instead, in thoroughly describing what
decisions and interpretations are being made up front in this research as clearly and

68

openly as possible as this work is following what is suggested as a best practice for these
situations (O’Keefe, 2003; Perneger, 1998).
In summary, a combination of the descriptive data and their visualization
combined with the statistical tests described in this section are able to determine whether
there are significant differences between the directional and distance preferences that
offenders travel when comparing their solo to their co-offenses. In addition, these tests
help to parse out the nuances between the two, whether distance is more important than
directionality for one set of offenses vs. the other (i.e. Hypothesis 1) or vice versa
(Hypothesis 2). Taken together, the robustness checks will help to strengthen the overall
findings and conclusions of the proposed dissertation research by exploring important
fundamental elements within the larger journey to crime concept.
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CHAPTER 4: RESULTS
This study addressed the question of whether the inclusion of a co-offender
significantly impacts the distance and/or directionality of offending when we compare
incidents involving co-offenders to those involving a solitary offender. To examine these
differences, Philadelphia Police Department arrest data was subset to only include
offenders who had committed at least one solo and one co-offense (with a single cooffender) and these offenses were paired for each individual. The analyses consisted of
two parts; one comparing the distance distributions of solo and co-offenses and the other
using circular statistics to examine the directionality of offending. The results of the
distance analyses are described in the first section, followed by the directional findings.

Distance analysis
As outlined in the previous chapter, two main analytical techniques were used
compare solo and co-offense crime trips; the Wilcoxon signed rank test and KolmogorovSmirnov test. To recap, the distance variable was calculated as the shortest distance
between the home and incident block centroids as measured along the underlying street
network in the shortest time possible. Incidents that occurred within the same block as
the offender’s home location were transformed to an integer greater than zero using the
Ghosh correction. As an initial descriptive exercise, the percentage of trips that never left
the home block were examined to see if there was any pattern that emerged. Of the total
14,735 crime trips that occurred in both datasets, 8% of solo trips never left the home block
compared to 6% of co-offense trips. Thus, the impact of a solo offense vs. a co-offense trip
on the odds of not getting out of a home block is 1.36 (0.087/0.064) which indicates that
it may be more likely that you’ll leave your home block to offend when you’re with someone
else. However, this isn’t necessarily a statistically significant finding, and being that census
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blocks are relatively small and this is a small percentage of trips, it is important to proceed
with the robust statistical analyses that follow to best answer the research question.
First, the basic descriptive statistics for all 14,735 pairs of crime incidents
presented in Table 2 below highlight the similarity in the distance traveled to offend
between the solo and co-offenses. Regardless of whether alone or with someone else,
offenders travel around 2.5 miles on average which is similar to previous journey to crime
findings. Shorter crime trips (up to 2.5 mi) make up 66% of all crime trips in both solo and
co-offense datasets, implying that the majority of offenders are offending roughly close to
home but only 12% of these short solo and 9% of short co-offense trips actually occur
within the same home block. Thus, there is evidence that offenders are generally less likely
to offend too close to home but still don’t travel far echoing previous findings of a ‘buffered
distance decay’ (Rossmo, 2000). Despite this finding, there is a wide range of crime trip
distances as some offenders in the datasets travelled as far as 24-25 miles to commit solo
or co-offenses. However, longer journey to crime distances are rare as only 3.7% of all solo
crime trips and 3.6% of co-offense trips were 10 miles or longer, further emphasizing the
limited travel behavior of offenders.
Graphs of the distance distributions for both datasets can be seen in Figure 10
below, the top graph includes the full range of distances while in the one below the
distances were cut off at 5 miles to better visualize some of the variability between the two
datasets and highlight the precipitous drop-off between 0.5 and 0.75 miles. Overall, this
graph reinforces the similarity between the solo and co-offense distance distributions and
their positive skewness with skew values of 2.06 and 2.03 respectively. The similarity
between solo and co-offense distance held across crime types as well, although property
criminals traveled farther on average than other crime types (~3.5 mi.) regardless of being
alone or with someone else, as seen in Table 2 and Figures 11-14.
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Table 2- Descriptive statistics solo vs. co-offense distance (No buffer)

Dataset

N

Mean

Std. Dev.

SE

Median

Range

Skew

Solo offenses

14735

2.53

3.06

0.03

1.30

23.93

2.06

Crime
Type
All

Co-offenses

14735

2.55

3.05

0.03

1.29

24.98

2.03

All

Solo offenses

1512

3.40

3.63

0.09

2.17

23.72

1.96

Property

Co-offenses

1512

3.52

3.69

0.09

2.24

24.95

1.96

Property

Solo offenses

971

2.41

2.94

0.09

1.21

20.39

2.02

Violent

Co-offenses

971

2.38

2.86

0.09

1.19

19.75

2.03

Violent

Solo offenses

5961

2.17

2.75

0.04

1.02

23.93

2.13

Drug

Co-offenses

5961

2.17

2.68

0.03

1.00

17.05

1.92

Drug

Solo offenses

3693

2.97

3.35

0.06

1.74

23.83

2.00

Non-drug

Co-offenses

3693

3.05

3.46

0.06

1.75

24.98

2.05

Non-drug

Note: All distances measured in miles. Total N of crime type subsets (N = 12,137) does not equal 14,735 as
cases were included only if the offender committed that offense type as a solo AND co-offender (e.g. repeat
property offenders). Thus ‘mixed’ offenders who committed two different types of crime were dropped (N
= 2,598).
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Figure 10- Journey to crime distance (mi.) comparison (All crime, no buffer)
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Figure 11- Journey to crime distance (mi.) comparison (Property crime, no buffer)
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Figure 12- Journey to crime distance (mi.) comparison (Violent crime, no buffer)
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Figure 13- Journey to crime distance (mi.) comparison (Drug crime, no buffer)
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Figure 14- Journey to crime distance (mi.) comparison (Non-drug crime, no buffer)
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Next, the results of Wilcoxon signed rank test (W.S.R. test) and the KolmogorovSmirnov (K.S. test) analyses are presented in Table 3 and Table 4 respectively. These tests
are intended to examine whether the solo and co-offense crime trip distances are
significantly different despite the similarities apparent in the descriptive statistics and
graphs presented above. As discussed previously, the paired W.S.R. test allows us to
compare whether or not the median distances between the two groups are significantly
different from zero, and we are using a one-tailed test assuming that solo offenders will
travel shorter distances on average compared to when they are with another offender. As
shown in Table 3 below, there is no statistically significant difference between solo and cooffense travel distances for the full dataset that includes all crime types. Additionally, solo
and co-offense trips were compared within each of the crime type subsets and those results
are also presented in Table 3, with only the property crime subset finding any significant
difference. Thus, it appears that offenders travel roughly the same median distance when
committing offenses alone and with another offender generally, with the exception of
property crime.
The K.S. test is a non-parametric test which allows us to compare the distance
distributions between the solo and co-offense datasets and determine whether they differ
significantly from one another. As can be seen in Table 4, the datasets comparing
aggregate crime between solo and co-offenses are significantly different from one another
D(14734) = 0.02, p < 0.01. However, the large sample size used for this K.S. test increases
the likelihood of even small difference resulting in a rejection of the null hypothesis,
especially in the case of heavy tailed distributions (Wilcox, 1997). This can be seen in twosample cases where the samples share similar mean values and most of the variation
occurs at the end of one of the empirical cumulative distribution functions (ECDF). This
is evident when plotting this data, as can be seen in Figure 15 below. The ECDF for the
entire distribution of crime trips is plotted in graph A and solo and co-offenses look almost
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completely similar. The graphs B-F are the ECDF broken up into 5 mi. increments to better
visualize the differences between the solo and co-offense crime trips. As you reach the
upper tail of the ECDF (graphs D-F) you see the two datasets do actually vary at longer
travel distances. The distributions of solo and co-offenses subset by crime type do not
differ significantly from one another with the exception of the non-drug crime dataset
D(3692) = 0.03, p = 0.05, which follows a similar ECDF pattern (not pictured) to that of
the all crime type comparisons. Overall, we can see that, contrary to Hypothesis 1, there
are generally not significant differences in the distances that individuals travel whether
offending alone or with another offender. These results hold with the exception of property
crime, and it appears property offenders do tend to travel farther than their violent or drug
crime counterparts. The median difference in travel distances are not significant between
the solo and co-offense datasets according to the W.S.R. tests, and the only distributional
differences seen in the K.S. tests (all crime and non-drug crime) are likely a result of the
rare (~3%), but long-distance travel trips that exist in both datasets coupled with the large
sample sizes as opposed to a substantive difference in offender travel behavior.

Table 3- Wilcoxon signed rank test: Solo vs. co-offense trips (No buffer)

Dataset
N
Test statistic
p-value
95% CI
All crime
14,735
48102959
0.18
(INF, 0.03)
Property Crime
1,512
517187.5
(INF, 0.07)
0.05⁺
Violent Crime
971
201350
0.43
(INF, 0.21)
Drug Crime
5,961
7162085.5
0.33
(INF, 0.06)
Non-drug Crime
3,693
3115231
0.12
(INF, 0.04)
Note: non-matching cases after crime-type subset not included (N = 2,598)
⁺ p < 0.05

Alternative
One-tailed
One-tailed
One-tailed
One-tailed
One-tailed

Table 4- Kolmogorov-Smirnov test: Solo vs. co-offense trips (No buffer)

Dataset
All crime
Property Crime
Violent Crime
Drug Crime
Non-drug Crime
† p < .001 ⁺ p < 0.05

N
14,735
1,512
971
5,961
3,693

Test statistic
0.02
0.03
0.04
0.01
0.03

p-value
0.002
0.46
0.48
0.89
0.05⁺

Alternative
Two-sided
Two-sided
Two-sided
Two-sided
Two-sided
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Figure 15- Comparing the ECDF of solo and co-offenses (All crime, no buffer)

In summation, this research found that offenders tended to travel outside of their
home blocks to offend, but the majority remained relatively close, primarily offending
within 2.5 miles of their home. Although some crime trips were significantly longer, these
were the exception and the tendency for property offenders to travel farther reflects
similar patterns seen in previous journey to crime research. The results of the Wilcoxon
signed rank test found that there were no significant differences between the median
length of solo and co-offenses with the exception of property crime. The KS test, however,
did find a significant difference between the distance distributions of solo and co-offenses
although likely an artifact of the large sample size and distributional differences at long
distances as seen in the ECDF above.
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Directionality
As discussed in the methodology chapter, to investigate the impact of co-offending
on an individual’s directional preferences this research uses circular statistical techniques.
To reiterate, the direction of offending was calculated by finding the angular difference
between two vectors; the home location and the city center (the latter acting as the zerodegree orientation for all offenders) and the home location and where the crime took place,
all aggregated to the block centroid. The difference between these two vectors as measured
in degrees from 0° to 360° (where 0°/360° meant the offender travelled directly towards
the city center) are the measurements that were used in to obtain the following results.
Again, when dealing with circular statistics it is helpful to imagine the angles are displayed
along the edge of the unit circle with 0 degrees located at the top (12 o’clock, directly
toward Center City) and increasing as one moves clockwise around the circle to 359°.
First, basic circular descriptive statistics were calculated and visualized for the solo
and co-offense directional data. As was the case above with the distance findings, both solo
and co-offense directional means are very similar with solo offense trips heading 355° on
average and co-offense trips heading 356° as seen in Table 5. A reminder that angles close
to 0°/360° are in the direction of Center City, Philadelphia. Considering all 14,735 solo
offenses, 22% of these had a heading that fell between 350 and 10 degrees, whereas only
4% of the total solo offenses travelled between 170 and 190 degrees (the complete opposite
direction). For co-offense trips, 20% of them head between 350 and 10 degrees as opposed
to only 4% moving in the opposite direction. This 4% value is similar across both solo and
co-offenses as well as for different configurations that encompass other major angles along
the unit circle (i.e.- 260°-280°/80°-100°). However, it is important to note that within this
heading group of 350-10°, over 30% of the crime trips in both datasets have an angle value
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of 0 degrees due to offenses that occur within the home census block (solo: 37%/cooffense: 31%).
This phenomenon is made even more explicit when examining the four frequency
plots of crime trips presented in Figure 12. The two plots on top have a red arrow indicating
the mean angle value for both the solo and co-offenses and we see that the distribution of
trips (represented by the black dots surrounding the circle with more dots equivalent to
more trips in that direction) around the unit circle are quite similar with peaks around the
0°/360° orientation at the top of the circle. Below the top two graphs is the same data but
presented with a rose histogram in the center of the circle to better visualize how
pronounced this peaked distribution is around these same values. Turning to the mean
resultant length values in Table 5, recall from the methodology section these values range
from 0-1 with numbers closer to one indicative of a greater concentration of angles around
the mean. As seen below, for both solo and co-offense trips, the mean resultant length
values are relatively low (0.31) indicating that there still is a fair amount of variability in
the directions that offenders travel and not all trips are centered around the mean. Despite
this, as both means are very close to 0°/360°, and the majority of trips fall within 10
degrees on either side, it is evident that on average the offenders in the dataset are
travelling towards the city center to offend, regardless of whether they are alone or with
another offender. In examining directionality by crime type, we see a similar average
pattern of offenders heading in the general direction of the city center to offend, with all
crime type means falling between 352 and 359 degrees.

82

Table 5- Circular descriptives (No buffer)

Offense
Type
Solo All
crime
CoAll crime
Solo
Property
CoProperty
Solo
Violent
CoViolent
Solo Drug
Co- Drug
Solo
Non-drug
CoNon-drug

Mean
Angle

CI Low

CI High

Mean
Resultant
Length

Circular
Variance

Circular
SD

355.2†

355.1

355.2

0.31

0.69

1.53

356.2†

356.2

356.3

0.31

0.69

1.53

352.6†

352.3

352.8

0.25

0.75

1.66

358.9†

358.6

359.2

0.21

0.79

1.77

350.0†

349.8

350.3

0.31

0.69

1.53

355.4†

355.1

355.8

0.24

0.76

1.68

358.2†

358.1

358.3

0.33

0.67

1.48

353.2†

353.1

353.3

0.35

0.65

1.45

352.3†

352.2

352.5

0.28

0.72

1.59

359.0†

358.8

359.2

0.24

0.76

1.70

† Accurately specified mean value
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Solo offenses

Co-offenses

Figure 16- Directional graphs (All crime, no buffer)
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Solo offenses

Co-offenses

Figure 17- Directional graphs (Property crime, no buffer)
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Solo offenses

Co-offenses

Figure 18- Directional graphs (Violent crime, no buffer)
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Solo offenses

Co-offenses

Figure 19- Directional graphs (Drug crime, no buffer)
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Solo offenses

Co-offenses

Figure 20- Directional graphs (Non-drug crime, no buffer)
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Next, it’s possible to use inferential statistics to determine whether the patterns
seen in the circular descriptive and visualization representations of the data are significant
and if there is a difference between the directional preferences of solo and co-offenders.
First, we can examine whether each dataset has a unimodal distribution or if the points
are distributed uniformly around the unit circle using Rayleigh’s test. Simply put, are the
offenders in each dataset more likely to travel towards a particular direction to offend (e.g.
city center) as opposed to all directional choices being equally likely? The results of the
Rayleigh test for each dataset is provided in Table 6, and both results are significant at p
< .001, indicating that there is a preferred directionality for the offenders included in the
datasets, regardless of whether they offend alone or with another individual. This
statistically significant result appears to confirm the apparent tendency for the offenders
in the sample to travel in a preferred direction (towards the city center) as was evident in
the mean values and graphs presented previously.
Now that we know the data are not uniformly distributed and that there is a
statistically detectable preferred directionality, we can compare the two samples to see if
their distributions are significantly different from one another using Moore’s test. To
reiterate, this test is a non-parametric ranked comparison test and was chosen over other
options due to the paired nature of the data and the violation of assumptions that would
preclude the use of other two sample comparison tests. The results of this test indicate that
there is no significant difference between the distributions of travel directions for solo and
co-offenses, as seen in Table 7. As one would expect based on the similarity of the
respective mean values, mean resultant lengths, and standard deviations the two
distributions are very similar and indicate that there is not a significant difference when
comparing the directional distributions of solo and co-offending behavior.
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Table 6- Rayleigh test (No buffer)

Offense Type

N

Test
statistic

p-value

Crime Type

Solo Offenses

14,735

0.31

p < .001

All crime

Co-offenses

14,735

0.31

p < .001

All crime

Solo Offenses

1,512

0.25

p < .001

Property crime

Co-offenses

1,512

0.21

p < .001

Property crime

Solo Offenses

971

0.31

p < .001

Violent crime

Co-offenses

971

0.24

p < .001

Violent crime

Solo Offenses

5,961

0.33

p < .001

Drug crime

Co-offenses

5,961

0.35

p < .001

Drug crime

Solo Offenses

3,693

0.28

p < .001

Non-drug crime

Co-offenses

3,693

0.24

p < .001

Non-drug crime

Table 7- Moore's test for paired samples (No buffer)

Crime Type

N

Test statistic

p-value

All crime

29,740

0.48

0.51

Property crime

3,024

0.91

0.08

Violent crime

1942

1.15

o.02

Drug crime

11,922

1.49

0.002

Non-drug crime

7,386

1.64

p < .001

Overall, the majority of both solo and co-offense crime trips were oriented in the
general direction of Center City, and this finding held across crime types as well. The mean
angle values for the full dataset and all the crime type subsets were found to be correctly
specified and all fell between 350 and 360 degrees, although the corresponding mean
resultant length values were relatively small indicating a fair amount of variability in
directional preference. The Rayleigh tests of uniformity were all significant, indicating that
whether alone of with a co-offender the offenders in this research exhibit a clear preference
for traveling towards the city center in their journey to crime. Comparing solo and cooffenses using the Moore’s test we find no significant difference overall, however, there is
a difference for violent and drug crime type subsets.
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Linear-Circular Association
Finally, the linear-circular association between distance and direction was
investigated for both solo and co-offenses by creating scatterplots and calculating the
Johnson-Werhly-Mardia (JWM) correlation coefficient. As stated previously, the JWM
provides an R² value as the measure of the strength of the association which can also be
evaluated for statistical significance. Both the solo and co-offense datasets had statistically
significant R² values of 0.04 and 0.05 respectively (p < 0.001). Although both are
significant, these R² values are relatively low and indicate a weak relationship between
directionality and distance. However, when turning to the graphs in Figure 17- Scatterplots
of linear-circular association Figure 17 below, an interesting phenomenon becomes
apparent, in both the solo (top) and co-offense (bottom) datasets. The x-axis contains the
directional data measured in angles from running from 0° to 360° (in 90 ° increments left
to right) and the y-axis with distances from 0 to 25 miles. It is evident that the majority of
the data gathers at each end of the x-axis (0°/360°) and that the longer distances traveled
are concentrated in these areas as well. Thus, it could be that the city center directional
preferences are an artifact of the data itself, and that the longer individuals in our dataset
travel, the more likely they are to have to move towards or through the city center to
offend. This is potentially indicative of an edge effects issue, a result of the data used for
analysis and may be the driving force behind the directional findings discussed above, as
those individuals who live alongside the city boundaries and/or those who travel long
distances to offend are artificially inflating the importance of the city center as a
directional offending magnet. A further discussion of this edge effects phenomenon and
how it has been addressed in subsequent analyses is provided in an additional section
below.
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Crime type analysis
The preceding analyses were replicated to determine whether there were
directionality differences present between solo and co-offenses by each of the crime type
subsets. Overall, each crime type displayed a similarity to the full dataset in terms of mean
directionality, with a clear preference for a city center heading. In addition, the Rayleigh
tests were significant for each dataset, indicating that offending directionality is not
uniform regardless of crime type and offenders demonstrate a directional preference of
offending that is drawn towards the city center. Finally, contrary to the overall findings,
the Moore’s test which compares each individual’s ranked difference in direction between
their two offenses across the solo and co-offense distributions found that all four crime
types did differ significantly. Property crime solo and co-offenses directionality was found
to be marginally significant, while non-drug crimes were also significantly different, along
with violent and drug crimes having significantly different directionality. However, the
differences in the mean angle values between the solo and co-offense crime type subsets
were relatively small, all falling between 5° and 6.7°, with the largest between solo and cooffense non-drug crime indicating that the average directional behavior is reasonably
similar. Visually comparing the distributions, they look similar as well and the significant
Moore’s tests is potentially a result of the large sample sizes relative to typical sample sizes
compared in circular statistics increasing the likelihood of detecting relatively small
angular differences as statistically significant.
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Figure 21- Scatterplots of linear-circular association (All crime, no buffer)
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Edge effects
Upon completing the analyses on the main dataset, it became apparent (based on
the directional analyses of mean angles and linear-circular association) that the results
may have been biased due to an edge effects issue. Simply put, as the data provided by the
Philadelphia Police Department only involved those incidents which occurred within the
city limits and not outside of this boundary, it may impact the results of the analyses of
solo vs. co-offense offender behavior on two levels. One, if an offender lived near the
boundary of the city, the only offenses that were recorded were those that occurred in the
PPD’s jurisdiction and therefore the crime trip data from these offenders would be
artificially constrained and a directional bias towards the city center may be present even
if that offender typically offends in the opposite direction. Relatedly, due to the unique
layout of Philadelphia those offenders who travel long distances to offend (e.g. 10+ mi.)
would have to live in the northern or southernmost parts of the city to travel these longer
distances and would have to travel through or towards the center city area, again biasing
their crime trips towards the city center. A visual representation of this issue is presented
in the two crime trips in example A of Figure 18. Thus, an additional step was undertaken
to account for these edge effects that involved further subsetting the data and re-running
all of the analyses. First, a hypothetical ‘buffer’ was created around the edge of the
boundary of the city at a number of different intervals: 1, 1.5, 2, and 5 miles (with the 1.5
mi. buffer ultimately used in analysis). Next, the distance from each offender’s home
location to the existing city boundary was calculated in ArcGIS and added as a variable to
the dataset. The offenders whose home distance was within that buffer (< 1.5 mi.) were
dropped from the analyses. In addition, offenders who had crime trip distances greater
than 1.5 miles were also dropped from dataset. This results in a full range of 360 degree
movement for the crime trips that are left in this dataset, as seen in example B of Figure
18. Finally, due to the presence of so many 0° same-block crime trips also unduly
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influencing the directional findings towards the city center, only non-zero crime trips were
retained in the data. Again, offenders needed to have both their solo and co-offenses occur
in different census blocks than those they lived in. Therefore, the remaining dataset
consists of offenses that were no longer confounded by the restriction of movement due to
the limitations of the data provided by the PPD and by eliminating the same-block crime
trips the remaining data should be free of any potential biases.

B

A
Figure 22- Dealing with edge effects

1.5 mi. buffer analysis
As outlined in the previous section, the full dataset was trimmed down by selecting
only cases where there was a non-zero crime trip, the offender’s home location was at least
1.5 mi. from the city boundary, and their journey to crime distance was less than 1.5 miles.
This selection process was conducted on both the solo and co-offense datasets, and the
individuals who satisfied these criteria on both were paired with themselves as they were
in the original selection procedures. This new 1.5 mile buffered dataset consisted of a total
of 2,588 paired solo and co-offenses across all crime types. From there, crime type subsets
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were created again, as well as demographic subsets based on age and race. These new
buffered datasets were then analyzed using the same methods as the full dataset and the
findings are presented below.

Distance analysis
The journey to crime distance measurement remained the same as in the previous
analysis, utilizing the underlying street network with the exception that now there is no
need for the Ghosh correction as same-block crime trips were removed from this new
buffered dataset. The descriptive statistics for the 1.5 mi. buffer dataset that includes all
crime types are presented in Table 8 below. As mentioned above, any journey to crime
distance over 1.5 miles was excluded from this buffered dataset and thus we have smaller
values across the board compared to the full dataset above. However, once again both solo
and co-offenders are similar in terms of their average journey to crime distance, with 0.63
and 0.62 miles travelled respectively. In the analysis of the full dataset, the mean distance
was 2.5 miles, and we see that if the upper travel distance is constrained as it is here
offenders travel even shorter distances to offend. It is possible that the longer distance
outliers (20+ miles) from the full dataset are actually distorting our understanding of how
far offenders prefer to travel, and that journey to crime distances are typically shorter. Just
over 57% of solo offenses had a journey to crime of less than 0.63 miles and 59% of cooffense distances were under this average threshold as well (compared to approximately
33% of offenses in the full dataset). Thus, offenders who live farther from the city
boundaries may have to travel shorter distances to encounter criminal opportunity as they
are more embedded in the urban environment and closer to the city center. As can be seen
in Figure 19 below, both solo and co-offense distance distributions have their peaks
between 0.25 and 0.5 miles, indicating that although they’re not offending within their
home block, and that proximity to home is part of an offender’s rational decision-making

96

but there isn’t a necessity to travel much farther in order to locate offending opportunities.
Similar to the full dataset, when examining differences by crime type, property offenders
travelled slightly longer on average compared to the all-crime type and other crime subsets
(0.78 mi. for solo offenses, 0.76 for co-offenses) as seen below.
Table 8- Distance descriptives (1.5 mi. buffer)

Dataset

N

Mean

Std. Dev.

SE

Median

Range

Skew

Solo offenses

2588

0.63

0.37

0.01

0.56

1.5

0.54

Crime
Type
All crime

Co-offenses

2588

0.62

0.36

0.01

0.54

1.5

0.57

All crime

Solo offenses

130

0.78

0.38

0.03

0.66

1.43

0.29

Property

Co-offenses

130

0.76

0.36

0.03

0.70

1.36

0.19

Property

Solo offenses

153

0.65

0.37

0.03

0.57

1.39

0.54

Violent

Co-offenses

153

0.63

0.35

0.03

0.57

1.39

0.54

Violent

Solo offenses

1496

0.67

0.37

0.01

0.52

1.50

0.63

Drug

Co-offenses

1496

0.59

0.36

0.01

0.52

1.49

0.62

Drug

Solo offenses

391

0.69

0.38

0.02

0.62

1.48

0.38

Non-drug

Co-offenses

391

0.71

0.38

0.02

0.65

1.45

0.31

Non-drug

Note: Total N of crime type subsets (N = 2,170) does not equal 2,588 as cases were included only if the
offender committed that offense type as a solo AND co-offense (e.g. repeat property offenders). Thus ‘mixed’
offenders who committed two different types of crime were dropped (N = 418).
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Figure 23- Journey to crime distance comparison (All crime, 1.5 mi. buffer)
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Figure 24- Journey to crime distance comparison (Property crime, 1.5 mi. buffer)
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Figure 25- Journey to crime distance comparison (Violent crime, 1.5 mi. buffer)
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Figure 26- Journey to crime distance comparison (Drug crime, 1.5 mi. buffer)
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Figure 27- Journey to crime distance comparison (Non-drug crime, 1.5 mi. buffer)
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Next, the solo and co-offense datasets were compared using Wilcoxon signed rank
and Kolmogorov-Smirnov tests to see if the results from the full dataset were consistent
once accounting for the edge effects and same-block offenses. The results from the paired
W.S.R. to detect if the median difference was significantly less than 0 between the solo and
co-offenses are presented in Table 9 below. Similar to the full dataset, the W.S.R. on the
1.5 mile buffered datasets find no statistically significant difference between solo and cooffense travel distances when aggregating all crime types. This was also the case across the
different crime type subsets, as solo and co-offense were not significantly different from
one another when an individual committed the same crime alone and with another
offender. Turning to the Kolmogorov-Smirnov tests to compare the distributions of the
solo and co-offenses, contrary to the full dataset discussed previously, none of the datasets
were statistically significantly different from one another. This is not surprising when
looking at the frequency polygon graph of all crime provided above and the descriptive
statistics across solo and co-offense crime trips. By accounting for the edge effects issue,
we eliminated some of the issues related to long-distance outliers biasing the results of the
K.S. test as the cumulative density functions for the 1.5 mi. buffer distributions have less
significant deviation from one another at the tails of the distribution. Thus, it appears that
solo and co-offense journey to crime behavior is similar in terms of distance and this
finding holds across different crime types as well.
Table 9- Wilcoxon signed rank test: Solo vs. co-offense trips (1.5 mi. buffer)

Dataset

N

Test statistic

p-value

95% CI

Alternative

All crime
Property Crime
Violent Crime
Drug Crime
Non-drug Crime

2588
130
153
1496
391

1365534
5634
8885
530586
30113

0.96
0.23
0.65
0.84
0.14

(INF, 0.03)
(INF, 0.03)
(INF, 0.07)
(INF, 0.03)
(INF, 0.02)

One-tailed
One-tailed
One-tailed
One-tailed
One-tailed

Note: Non-matching cases removed after buffering (N = 418)
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Table 10- Kolmogorov-Smirnov test: Solo vs. co-offense trips (1.5 mi. buffer)

Dataset

N

Test statistic

p-value

Alternative

All crime
Property Crime
Violent Crime
Drug Crime
Non-drug Crime

2588
130
153
1496
391

0.03
0.08
0.05
0.04
0.04

0.25
0.74
0.98
0.23
0.94

Two-sided
Two-sided
Two-sided
Two-sided
Two-sided

Directionality
Now that we’ve accounted for potential directional biases in the procedure outlined
above, the offenses that remain in the new 1.5-mile buffered dataset have two important
differences than those in the full analysis. First, any zero journey to crime trips have been
removed (where the home and offense location are within the same block) thus
eliminating the possibility that the center city directional preference found previously was
driven solely by same-block crime trips. Second, as the distance from the boundary of the
city (i.e. buffer) and the maximum distance are both 1.5 miles, this dataset has the benefit
of only including crime trips that are not spatially limited by the city boundaries or
distance allowing for full 360° movement. These issues potentially limited journey to
crime behavior directionally and may have been a contributing factor to the consistent
finding of the importance of the city center. The same analytical process described above
was undertaken on this new buffered dataset and is presented below.
Once again, circular descriptive statistics and graphs were created to provide an
overall sense of the directional preferences of the solo and co-offense journey to crime. In
reviewing Table 11, we see a larger difference in mean solo and co-offense angles than in
the full non-buffered dataset, with offenders travelling 353.3° on average when alone and
10.7° when with someone else. This 17.4° difference is certainly notable, but these average
angular values still indicate that regardless of whether they are alone or with another
offender, individuals are still drawn in the general direction of the city center when
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offending. However, when looking at the frequency of crime trips in the general direction
of the city center as was done previously (all trips between 350° and 10°) we see that there
is a markedly lower percentage of trips (7.6% for both solo and co-offenses) headed this
way in this buffered dataset than in the full data (solo: 22%, co-offense: 20%). As seen in
the full dataset, this 7.6% of trips headed towards the city center is the largest percentage
share of crime trips in any of the four major directions. It appears that buffering the data
and removing the same block trips, has eliminated some of the directional bias present in
the full dataset.
This is made even more explicit when consider the circular frequency plot and rose
histograms presented in Figure 16. First, we do still see a concentration of crime trip
angles located near the 0°/360° orientation and the mean angle arrows in red do appear
to point in a similar general direction despite the angular difference. It is clear that despite
this directional preference crime trips overall are more evenly distributed around the unit
circle than in the non-buffered dataset—indicating a much greater diversity in the
directions travelled by offenders. The larger dispersion of crime trip angles in all directions
is evident when looking at the mean resultant length value in Table 11. Again, these values
range from 0-1 with numbers closer to 1 indicative of a greater concentration of angles
around the mean. Solo offenses and co-offenses have mean resultant lengths of 0.11 and
0.12 respectively. Recall from the circular analysis on the full non-buffered dataset, both
solo and co-offense trips had a higher mean resultant length value of 0.31. Thus,
eliminating same block crime trips and accounting for edge effects has definitely increased
the amount of variability in the journey to crime directionality of offenders regardless of
whether it’s a solo or a co-offense. These results are similar when looking at the descriptive
statistics and graphs by crime type provided in Table 11 with a couple notable exceptions.
Property and non-drug co-offense trips have mean angles of 89.8° and 64.8°, the only two
offense types that deviate nearly a full 90° from the city center orientation on average. So
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overall, we still see the city center acts as a directional magnet for offending, but there is
more diversity in journey to crime directionality compared to the non-buffered data.
Table 11- Circular descriptives (1.5 mi. buffer)

Mean
Angle

CI Low

CI High

Mean
Resultant
Length

Circular
Variance

Circular
SD

353.3†

352.9

353.7

0.11

0.89

2.09

10.7†

10.3

11.1

0.12

0.88

2.07

29.6

25.6

33.5

0.06

0.94

2.40

89.8

70.8

108.9

0.01

0.99

2.98

5.4†

3.7

7.1

0.12

0.88

2.06

34

31.6

36.4

0.08

0.92

2.22

Solo Drug

351.6†

351.1

352.2

0.12

0.88

2.06

Co- Drug

0.2†

359.7

0.7

0.13

0.87

2.00

14.5†

13.1

15.8

0.09

0.91

2.17

64.8†

63.2

66.5

0.08

0.92

2.25

Offense
Type
Solo All
crime
CoAll crime
Solo
Property
CoProperty
Solo
Violent
CoViolent

Solo
Non-drug
CoNon-drug

† Accurately specified mean value
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Solo offenses

Co-offenses

Figure 28- Directional graphs (All crime, 1.5 mi. buffer)
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Solo offenses

Co-offenses

19.6°

199.6°
Figure 29- Directional graphs (Property crime 1.5 mi. buffer)
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Solo offenses

Co-offenses

Uniform

Figure 30- Directional graphs (Violent crime, 1.5 mi. buffer)
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Solo offenses

Co-offenses

Figure 31- Directional graphs (Drug crime, 1.5 mi. buffer)
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Solo offenses

Co-offenses

Figure 32- Directional graphs (Non-drug crime, 1.5 mi. buffer)
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Next, we can examine the unimodality of the distribution of crime trips for solo
and co-offenses using Rayleigh’s test. Again, we are assessing whether the offenders in
each dataset are more likely to travel in a particular direction to offend (e.g. city center) as
we saw previously or are all directional choices equally likely? We saw from the circular
descriptive statistics and the circular graphs that although the mean value was accurately
specified, there was much more dispersion of angular values around the unit circle.
Turning to the results of the Rayleigh test provided in Table 12 does find that the
distributions for both solo and co-offenses are significantly different from the null
hypothesis of uniformity. Thus, our offenders do exhibit a preferred directionality and one
that corresponds to a general center city heading.
Since the uniformity of angles has been rejected in favor of a directional preference
for offenders, we can use Moore’s test for paired samples to compare the 1.5 mile buffered
solo and co-offense datasets. Recall that the Moore’s test for all crime on the non-buffered
dataset was not significant but it was for each of the different crime type subsets. When
comparing solo and co-offenses after accounting for edge effects, we see that there is a
marginally significant difference (p < 0.10) between the two circular distributions as seen
in Table 13. Thus, even though both solo and co-offenses have a similar general heading
towards the city center with an average angular difference of less than 20° there is enough
variability in the 1.5 mi. buffered datasets to detect a significant difference in the
directional distributions. Although this finding is marginally significant, it is greater than
the p < 0.05 cut-off used by Pewsey et al. (2013), and the magnitude of the difference
between the average solo and co-offense directional preference is comparatively small
implying the actual journey to crime between solo and co-offenses may not appear very
different in a practical sense.
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Table 12- Rayleigh test (1.5 mi. buffer)

Offense Type

N

Test
statistic

p-value

Crime Type

Solo Offenses

2588

0.11

<.001

All crime

Co-offenses

2588

0.12

<.001

All crime

Solo Offenses

130

0.06

0.66

Property crime

Co-offenses

130

0.01

0.98

Property crime

Solo Offenses

153

0.12

0.11

Violent crime

Co-offenses

153

0.08

0.34

Violent crime

Solo Offenses

1496

0.12

<.001

Drug crime

Co-offenses

1496

0.13

<.001

Drug crime

Solo Offenses

391

0.09

0.03

Non-drug crime

Co-offenses

391

0.08

0.08

Non-drug crime

Table 13- Moore's test for paired samples (1.5 mi. buffer)

Crime Type

N

Test statistic

p-value

All crime

5,176

0.92

0.08

Property crime

260

0.27

0.80

Violent crime

306

0.48

0.51

Drug crime

2,992

0.58

0.40

Non-drug crime

782

0.75

0.19

Linear-Circular Association
The final statistical tests performed on this new 1.5 mi. buffered data again
investigated the linear-circular association between distance and direction by creating
scatterplots and calculating the Johnson-Werhly-Mardia (JWM) correlation coefficient.
Now that the edge effects and zero-degree crime trips have been accounted for, we would
expect to see that the scatterplots have greater variability with less concentration at the
ends of the x-axis (i.e. 0°/360°). Additionally, the R² value measuring the strength of
association between the two variables should be lower in this case as well since there will
be less of a correlation between long crime trips and city center directionality. As can be
seen in Figure 17 below, this is indeed the case. Accounting for the edge effects utilizing
the 1.5 mile buffer and limiting crime trip distance provides a far less biased dataset with
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which to analyze the journey to crime. Offending directionality is less concentrated at the
extremes, especially when approaching the higher journey to crime distances. Turning to
the JWM correlation coefficient for solo and co-offenses, both are still statistically
significant at p < 0.001, but we do see a reduction in the actual R² values. Solo offenses
have an R² value of 0.01 and co-offenses 0.02, both indicating a weak relationship between
distance and directionality and much lower values than what was found previously in the
non-buffered datasets (solo: 0.04, co-offense: 0.05).
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Figure 33- Scatterplots of linear-circular association (All crime, 1.5 mi. buffer)
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Crime type analysis
As with the full non-buffered dataset, each of the preceding analyses were
conducted on crime type subsets that were created after generating the 1.5 mile buffer
datasets. As discussed in the distance section above, the crime type subsets had similar
findings compared to the 1.5 mile buffered aggregate crime dataset so this section will
focus on directionality. As mentioned previously, the average directionality by crime type
mostly matches what was found when considering all crime types at once, and solo and
co-offenses are drawn towards the city center. However, there are a couple of exceptions
which contribute to our understanding of the complexity of journey to crime directionality.
Solo and co-offense property and violent crime datasets all fail the Rayleigh test of
uniformity as seen in Table 12. As mentioned in the methodology section, the Rayleigh
test is strongest at detecting unimodal departures from normality and failing to reject the
null hypothesis could indicate these datasets are uniform or that the underlying
distribution of crime trip directionality is potentially multi-modal. Therefore, additional
tests were run to determine which of these two distributional forms best fit the underlying
data.
None of the three other tests for detecting departures from uniformity (Rao,
Kuiper, and Watson) were significant for solo property crime (p > 0.10). However, utilizing
the maximum-likelihood method from the ‘circMLE’ package based on animal orientation
models found the best fitting model for the solo property crime data to be symmetrically
bimodal (AIC =477.848) and provided two new mean angle values as can be seen in the
rose histogram of Figure 30. Simply put, solo property offenders in the 1.5 mile buffered
dataset are equally likely to travel 19.6° to offend as they are the complete opposite
direction of 199.6°.
The second mean direction finding runs counter to what we’ve seen so far in the
city center acting as a directional magnet for offenders, as some offenders are travelling in
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the complete opposite direction in this dataset. For the solo violent dataset, although the
Rao test was not significant, both the Kuiper and Watson tests were marginally significant
(0.05 < p < 0.10). In addition, the maximum-likelihood test revealed that a modified
unimodal model best fit the data (AIC = 561.638), and that the mean value was specified
correctly and headed towards the city center as seen in Figure 31. For property co-offenses,
all three tests failed again to find a significant departure from uniformity, as well as the
maximum-likelihood procedure. Thus, property co-offenders were equally likely to travel
in any direction and the mean direction value of 89.8° is not applicable as there is no
average direction travelled when committing property co-offenses. Similarly, violent cooffenses were not significantly different from the uniform distribution in any of the tests
run after failing to reject the null hypothesis in the Rayleigh test, and violent co-offense
journeys to crime are likely to travel in any direction. Overall, these crime type findings
highlight the importance of disaggregating the data as offense types differ from the overall
findings with uniform and bimodal distributions that run counter to the hypothesized
importance of the city center. This paints a much more complex portrait of directional
preferences of offenders in the journey to crime than was seen when looking at crime
overall.

Demographic analysis
As mentioned previously, a final robustness check was conducted using
demographic subsets of the 1.5 mile buffered dataset. The 2,588 cases were subset by age
of offender (young <= 20 vs. old >=21), and race of the offender (white vs. non-white). For
the age subset, individuals were re-paired with themselves after creating the age variables
and individuals dropped if they crossed age brackets between their solo and co-offense. If
there was an individual listed as biracial (e.g. white-Latino) they were included in the nonwhite dataset and if there was a discrepancy between solo and co-offenses or race was
unknown those cases were dropped (N = 472). It is important to note here that although
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there was between 5:1 and 6:1 non-white to white ratio throughout most of the subsets
procedures up until this point, for these buffered race datasets this increases to 16:1
potentially due to the concentration of non-white offenders away from city boundaries.
Due to the numerous subsetting procedures, and the lower N’s these demographic datasets
were not further subset by crime type so the following analyses are conducted on all crimes
aggregated together.
The datasets will be analyzed the same as in the earlier sections, with the only
exception being that distance datasets will be compared across demographics as nonpaired samples as well. So young offenders will still have their solo and co-offense
distances compared, but also young and old solo offenders (and white and non-white) will
also be compared using the K.S. test). The only major difference from the directional
analyses presented previously is the inclusion of the Watson large-sample and two-sample
tests for common mean direction and distribution that allow us to compare two nonpaired directional samples against one another. For an in-depth treatment and description
of these tests readers are directed to: Fisher, 1993; Pewsey et al., 2013. Simply put, these
two tests can determine differences between the demographic group’s directional
preferences, so young solo offenders were compared to old solo offenders and white cooffenders to non-white co-offenders etc.

Distance analysis
Examining the journey to crime distance descriptives, we see in Table 14 that
young and old offenders have a similar average distance travelled that closely matches
what was found in the all crime 1.5 mile buffered dataset. On average, offenders seem to
travel around 0.60-0.70 miles to offend regardless of their age. Comparing solo offenses
to co-offenses within the two age datasets we see that there are not any significant
differences between their median differences (Table 15) or their distributions (Table 16),
implying that younger and older offenders journey to crime distance is stable across
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offenses. Interestingly, we do see that the younger offenders actually travel slightly longer
distances than do their older counterparts. This is actually the reverse of what has been
found in previous journey to crime research, and if you examine the full dataset by these
age groups, older offenders in general travel farther than younger offenders both when
alone and with a co-offender (mean distance in miles, young solo = 2.5, old solo = 2.9,
young co-offense = 2.5, old co-offense = 2.8). This contrary finding in the buffered data is
potentially a result of the fact that the older offenders who would travel farther are
constrained by the 1.5 mile trip distance maximum imposed by the buffering procedure.
We still find that solo and co-offenses don’t differ significantly even when accounting for
age differences according to the W.S.R. and K.S. tests in Table 15 and Table 16 respectively.
However, we do see that when comparing younger vs. older solo offenses and co-offenses
they do have significantly different distributions according to the K.S. tests in Table 16 (p
< 0.05).
Table 14- Distance descriptives (Age, 1.5 mi. buffer)

Dataset

N

Mean

Std. Dev.

SE

Median

Range

Young solo
702
0.67
0.38
0.01
0.60
1.5 (0-1.5)
offenses
Young co702
0.65
0.37
0.01
0.59
1.5 (0-1.5)
offenses
Old solo
1704
0.63
0.37
0.01
0.55
1.5 (0-1.5)
offenses
Old co1704
0.61
0.36
0.01
0.53
1.5 (0-1.5)
offenses
Age cutoffs: Young 20 years old or below. Old 21 years old and above.

Skew
0.47
0.44
0.54
0.63
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Table 15- Wilcoxon signed rank test: Solo vs. co-offense trips (Age, 1.5 mi. buffer)

Dataset

N

Test
statistic

p-value

95% CI

Alternative

Young solo vs.
young co-offense

702

102771

0.81

(INF, 0.04)

One-tailed

Old solo vs. old
co-offense

1704

593351

0.97

(INF, 0.03)

One-tailed

Table 16- Kolmogorov-Smirnov test: Solo vs. co-offense trips (Age, 1.5 mi. buffer)

Dataset

N

p-value
0.85

Alternative

702

Test statistic
0.032

Young solo vs. co-offenses
Old solo vs. co-offenses

1704

0.039

0.14

Two-sided

Young vs. old solo offenses

2406

0.067

0.02†

Two-sided

Young vs. old co-offense

2406

0.063

0.03†

Two-sided

Two-sided

† p < 0.05
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Young offenders

Old offenders

Figure 34- Journey to crime distance comparison (Age, 1.5 mi. buffer)
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Comparing the journey to crime distances of white and non-white offenders in
Table 17, we see a similar pattern in average travel distance between both race subsets and
that solo and co-offenses fall between 0.60 and 0.70 miles travelled on average.
Comparing solo to co-offenses within the white and non-white offenders again we don’t
find any significant differences according to the W.S.R test (Table 18) or the K.S. test
(Table 19). Thus, similar to the other 1.5 mile buffered datasets there are not significant
differences between the journey to crime distances when comparing and individual’s solo
offenses to those committed with someone else. We do find, however, that white offenders
on average travel farther distances than do their non-white counterparts regardless of
whether they are alone or with a co-offender. This finding mirrors previous research
although the differences themselves are relatively small. In addition, we see that
comparing white co-offenses with non-white co-offenses there is a significant difference
between the two distributions (p < 0.05) as seen in the last row of Table 19. Overall, these
demographic findings mirror those of the crime type subsets and the aggregate crime 1.5
mile buffered dataset however the contradictory findings regarding younger offender
travel distance and differences in the two distributions may be worth future exploration.

Table 17- Distance descriptives (Race, 1.5 mi. buffer)

Dataset

N

Mean

Std. Dev.

SE

Median

Range

Skew

White solo
offenses

142

0.66

0.36

0.03

0.60

1.44 (0.06-1.5)

0.38

White cooffenses

142

0.68

0.35

0.03

0.62

1.46 (0-1.46)

0.33

Non-white
solo offenses

2351

0.63

0.37

0.01

0.55

1.5 (0-1.5)

0.55

Non-white cooffenses

2351

0.61

0.36

0.01

0.53

1.5 (0-1.5)

0.60
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Table 18- Wilcoxon signed rank test: Solo vs. co-offense trips (Race, 1.5 mi. buffer)

Dataset

DF

Test
statistic

p-value

95% CI

Alternative

White solo vs. cooffense

141

4244

0.22

(INF, 0.04)

One-tailed

Non-white solo
vs. co-offense

2350

1129265

0.99

(INF, 0.03)

One-tailed

Table 19- Kolmogorov-Smirnov test: Solo vs. co-offense trips (Race, 1.5 mi. buffer)

Dataset

N

Test statistic

p-value

Alternative

White solo vs. co-offenses

142

0.07

0.87

Two-sided

Non-white solo vs. co-offenses

2351

0.03

0.13

Two-sided

White vs. Non-white solo offenses

2493

0.08

0.33

Two-sided

White vs. Non-white co-offense

2493

0.13

0.03†

Two-sided

† p < 0.05
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White offenders

Non-white offenders

Figure 35- Journey to crime distance comparison (Race, 1.5 mi. buffer)
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Directionality
Turning to the directional findings, we see in Table 20 that young offenders have a
similar average direction of travel across solo and co-offenses whereas older offenders
have a difference of nearly 25°. Even despite this difference, these average directions
travelled across young and old offenders do mostly correspond to a center city heading. As
with the aggregated crime 1.5 mile buffered dataset, we do see a greater degree of
directional variability in the journey to crime, with mean resultant length values all less
than 0.15. This is particularly evident when looking at the visual representation of the data
in Figure 36 and Figure 37, especially the rose histograms which have a fair amount of
spread of values around the unit circle. Young and old solo and co-offenses all display a
directionality that is significantly different from a uniform distribution as seen in the
Rayleigh tests in Table 21. Comparing solo and co-offenses within each age grouping using
Moore’s test for paired samples in Table 22, older offenders have a significantly different
directional distribution whereas younger offenders do not. Finally, as we also have
unpaired samples, we can test across age groups to see if there are significant differences
between their mean directions and directional distributions using Watson tests. The
results of these tests are provided in Table 23, and we see that young and old offenders are
significantly different from one another when it comes to co-offense travel behavior.
Overall, it appears that young offenders are similar in their directional preferences
regardless of whether or not they are alone whereas older offenders’ journey to crime
direction differs when involved with a co-offender.
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Table 20- Circular descriptives (Age, 1.5 mi. buffer)

Offense Type

Mean
Angle

CI
Low

CI
High

Mean
Resultant
Length

Circular
Variance

Circular
SD

Young solo
offenses

342.4†

341.6

343.1

0.13

0.87

2.03

Young cooffenses

345.6†

344.7

346.5

0.11

0.89

2.12

Old solo
offenses

356.4†

355.9

357.0

0.11

0.89

2.10

Old
co-offenses

21.2†

20.7

21.7

0.12

0.88

2.05

Table 21- Rayleigh test (Age, 1.5 mi. buffer)

Offense Type

N

Test
statistic

p-value

Offender Type

Solo Offenses

702

0.13

p < .001

Young offenders

Co-offenses

702

0.11

p < .001

Young offenders

Solo Offenses

1704

0.11

p < .001

Old offenders

Co-offenses

1704

0.12

p < .001

Old offenders

Table 22- Moore's test for paired samples (Age, 1.5 mi. buffer)

Crime Type

N

Test
statistic

p-value

Young offenses

702

0.37

0.66

Old offenses

1704

0.99

0.05⁺

† p < .001 ⁺ p < 0.05
Table 23- Watson tests for common mean and distribution (Age, 1.5 mi. buffer)

Dataset

N

Test statistic

p-value

Test Type

Young vs. old solo offenses

2406

0.82

p > 0.10

Common mean

Young vs. old co-offense

2406

5.5

p < 0.05

Common mean

Young vs. old solo offenses

2406

0.07

p > 0.10

Common dist.

Young vs. old co-offense

2406

0.15

0.05 < p < 0.10

Common dist.
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Solo offenses

Co-offenses

Figure 36- Directional graphs (Young offenders, 1.5 mi. buffer)
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Solo offenses

Co-offenses

Figure 37- Directional graphs (Old offenders, 1.5 mi. buffer)
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Finally, the directionality of offending based on race was undertaken with similar
methods to those above. As we see in Table 24, white offenders have a difference of nearly
122° in average direction which is the largest discrepancy between solo and co-offenses for
any of the datasets used in this research and neither reinforce the finding that the city
center acts as a directional anchor. For non-white offenders, both solo and co-offenses do
reflect the general center city heading, but still do have a difference of 18° in their average
direction travelled to offend.
Moving onto Table 25 and the results of testing for departures of uniformity using
the Rayleigh test reveals that both white offender datasets are not significant while nonwhite offender datasets are significant. Thus, both white offender datasets had the
additional testing that was applied to the 1.5 mile buffered property and violent offense
datasets. For white solo offenses, neither the Watson, Rao, or Kuiper tests were
statistically significant, and the maximum-likelihood test indicates that the directional
distribution is actually uniform in nature (AIC= 521957. Concerning white co-offenses,
again all three supplemental tests were not significant but the maximum-likelihood test
(AIC = 519.896) indicated a bimodal directional distribution with an average direction of
40.4° and it’s diametric opposite of 220.4° (the red arrows in Figure 38). Non-white
offenders did not have a statistically significant Moore’s test between solo and co-offenses
(p > 0.10), indicating that there is no difference in journey to crime directionality for those
offenders as seen in Table 26. As the distributions for white offenders are uniform and
bimodal, the Watson tests for examining differences between white and non-white
offenders are not statistically significant as they rely on the comparison of unimodal
distributions and means. Overall, we do see some significant differences in directionality
when comparing within and across different demographic groups, however these
differences may not be truly substantive in practice as we see these groups also share a
similar directional preference for the city center orientation.
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Table 24- Circular descriptives (Race, 1.5 mi. buffer)

Offense Type

Mean
Angle

CI
Low

CI
High

Mean
Resultant
Length

Circular
Variance

Circular
SD

White solo
offenses

318.6†

316.2

321.0

0.09

0.91

2.20

White cooffenses

80.2†

76.5

83.9

0.06

0.94

2.39

Non-white solo
offenses

354.4†

353.9

354.9

0.11

0.89

2.11

Non-white
co-offenses

12.4†

12.0

12.8

0.12

0.88

2.05

† Accurately specified mean value
Table 25- Rayleigh test (Race, 1.5 mi. buffer)

Offense Type

N

Test
statistic

p-value

Offender Type

Solo Offenses

142

0.09

0.33

White offenders

Co-offenses

142

0.06

0.62

White offenders

Solo Offenses

2351

0.11

p < .001

Non-white offenders

Co-offenses

2351

0.12

p < .001

Non-white offenders

Table 26- Moore's test for paired samples (Race, 1.5 mi. buffer)

Crime Type

N

Test
statistic

p-value

White offenses

142

0.75

0.19

0.85

0.11

Non-white
2351
offenses
† p < .001 ⁺ p < 0.05

Table 27- Watson tests for common mean and distribution (Race, 1.5 mi buffer)

Dataset
White vs. Non-white solo
offenses
White vs. Non-white cooffense
White vs. Non-white solo
offenses
White vs. Non-white cooffense

N

Test
statistic

p-value

Test Type

2493

1.21

p > 0.10

Common mean

2493

1.36

p > 0.10

Common mean

2493

0.05

p > 0.10

Common dist.

2493

0.14

p > 0.10

Common dist.
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Solo offenses

Co-offenses

Uniform
40.4°

220.4°
Figure 38- Directional graphs (White offenders, 1.5 mi. buffer)
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Solo offenses

Co-offenses

Figure 39- Directional graphs (Non-white offenders, 1.5 mi. buffer)
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Summary of the results
The data used in this study were provided by the Philadelphia Police Department
(PPD) and was comprised of arrest records from 2010-2017 and included the location of
offender home and offense locations anonymized to the nearest census block centroid. The
original 276,534 records were subjected to a rigorous subsetting process before final
analysis to compare the journey to crime distance and directionality of 14,735 offenders’
solo and co-offenses. Two main analytical methodologies were used for this research,
linear statistics to examine and compare solo and co-offense distances and circular
statistics for the directional journey to crime of offenders.
For the initial dataset of all 14,735 offenders, solo and co-offenses were quite
similar in regards to the distance travelled to offend, and match previous journey to crime
research in finding most offenders avoid the area close to home but also don’t travel much
farther to commit crime (mean 2.5 mi.). The Kolmogorov-Smirnov test did find a
statistically significant difference between the two offense type distributions, however
there was a strong influence of long-distance outliers potentially impacting this finding.
Turning to the directional analyses, again offenders displayed similarities in the average
direction travelled, even when examining crime type subsets. The most striking finding
was that offenders typically travelled towards the city center to offend, indicating that the
downtown area is an important consideration in offenders’ journey to crime. However, the
scatterplots examining linear-circular association between distance and directionality of
offending revealed that an excessive number of 0° same block offenses and edge effects
related to the data itself may have driven this finding.
Therefore a second analysis was undertaken that accounted for these potential
biases by creating a new buffered dataset that removed all same block offenses and limited
the data to offenders who lived at least 1.5 miles from the city boundary and only travelled
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a distance of 1.5 miles or less to offend. These new buffered solo and co-offense datasets
now contain offenders who have a full range of travel directions available to them and are
not travelling long distances which may force them towards the city center. The distance
analysis revealed a similarity across solo and co-offenses that held across crime type and
demographics, with much shorter average journey to crime distances than in the nonbuffered dataset as long-distance outliers were removed. The directional analysis revealed
much greater variability in the journey to crime of offenders, but that the average
directional preference was still oriented towards the city center. In addition, a marginally
significant difference in the directional preference of offenders (R = 0.92, p = 0.08) was
found when comparing their solo and co-offenses when all crime types are aggregated
together but not for any of the crime type subsets. For certain crime type and demographic
groups, we do find that there are more complex distributions of offender directionality
where property and white offenders’ co-offenses actually display bimodal distributions
with diametrically opposed average travel directions. It is important here to revisit that
adjustments for multiple comparisons were not included in the findings presented above
because as mentioned previously, family-wise error was a marginal concern in this study.
There were relatively few comparisons conducted and use of the Bonferroni adjustment
could lead to issues of interpretation by inflating Type II error (Gelman et al., 2012;
Perneger, 1998). However, in the interest of transparency, checks on each test were made
and were not found to significantly impact any of the results.
Overall, we see across all buffered 1.5 mi. datasets and their subsets by crime type
and demographics that journey to crime distance is relatively stable between solo and cooffenses. On average, offenders travel relatively short distances to offend which is
consistent with previous journey to crime findings and the lack of difference between solo
and co-offenses could be the result of choosing co-offenders who live nearby and thus don’t
have fundamentally different awareness spaces. In terms of directionality, we do find that
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most offenders display a significant directional preference and that this is in the general
direction of the city center. Additionally, when looking at solo and co-offenses across all
crime types, offenders do differ significantly, although this difference is negligible (20°)
and both display this directional preference. Thus, it is important for criminologists and
practitioners to consider the downtown urban areas that have a mix of business, retail,
and transportation as potential directional magnets for offending behavior.

Table 28- Summary of results comparing solo and co-offenses (1.5 mi. buffer)

Dataset
All
crime
Property

Distance
comparison
W.S.R.
K.S.
test
test
N.S.

N.S.

N.S.

N.S.

Directional
comparison
Moore
Watson
test
tests

Summary

Sig. †

No significant difference in
distance, exploratory difference in
solo vs. co-offense directionality.

N.S. ‡

No significant difference in
distance, non-unimodal directional
distributions found.

Violent

N.S.

N.S.

N.S. ‡

No significant difference in
distance, non-unimodal directional
distributions found.

Drug

N.S.

N.S.

N.S. †

No significant difference in
distance or directionality.

Nondrug

N.S.

N.S.

N.S. †

No significant difference in
distance or directionality.

Age

N.S.

N.S.

Sig. †

Sig.

Race

N.S.

N.S.

N.S ‡

N.S.

† Unimodal distribution
‡ Uniform/Bimodal distribution

No significant difference in
distance, significant difference in
older solo vs. co-offense
directionality and across age cooffenses.
No significant difference in
distance, non-unimodal directional
distributions found.
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CHAPTER 5: DISCUSSION
Overall, this research used a novel approach to investigate the journey to crime
behavior of offenders arrested in the city of Philadelphia between 2010-2017 both alone
and in the presence of a co-offender. Although this research did not result in findings that
confirmed the broader research questions around journey to crime differences between
solo and co-offenses, it did reveal interesting patterns around spatial offending behavior
that could be rich avenues for future research. This section begins with a brief review of
the limitations of this work at the outset before turning to the findings.
Firstly, this research was conducted using official Philadelphia Police Department
arrest data and not self-reported crime trip data. Therefore, the ‘journeys to crime’ that
are analyzed are technically ‘journeys to arrest’ and there could theoretically be differences
between crime trips that eventually result in arrest compared to those that do not.
Additionally, crime trips that take offenders farther distances or into unfamiliar territory
increase the likelihood of encountering law enforcement and being arrested. Relatedly, as
this is official police data it doesn’t include exact home locations (they were anonymized
to the block centroid by the PPD for research purposes) or crime incidents that are located
outside of the city. Thus, we don’t have crime trips that originate at home locations outside
of the city and where the crime occurs within city boundaries. Similarly, it lacks any
information on crime trips that originate within the city but where the crime occurs
outside of the city boundaries (leading to the edge effects issue). However, the edge effects
problem was minimized by creating the home and crime location buffer of 1.5 miles that
was used to create a new dataset of offenders with full 360° freedom of movement without
any boundary constraints for the final analysis.
Third, the home location was the assumed anchor point for each offending trip in
both the distance and directional analyses. This limitation is shared with a number of
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journey-to-crime studies that use official data, as the true origination point of the crime
trip is not known. It is a reasonable assumption that most crime trips originate from the
home location as this is where individuals spend most of their time, but it is possible that
work or leisure activity locations may also serve as anchor points for offending behavior.
However, without detailed self-report or qualitative data it is difficult to parse out these
different configurations of journeys to crime and their potential starting points.
Fourth, there could have been some bias that was introduced by the subsetting
process and the loss of data due to missing information. As mentioned previously, cases
where the anonymized data was missing for either home or offense locations were dropped
from the analysis. It is possible that there may have been some non-random patterns in
this data loss, and that certain parts of the city were more likely to be missing data than
others. This could impact some of the directional findings and result in potential bias if
offenders were more likely to have home or offense locations in particular parts of the city
compared to others. The issue of missing data is inevitably an issue with administrative
data in particular and through the sensitivity analyses and the edge effects calculations the
findings were still quite robust. The missing data would have had to overwhelmingly favor
one area of the city over the others to have significantly impacted the findings. However,
this is an important consideration and worth noting as a potential source of bias in the
findings.
Finally, it is important to note that there is a growing recognition of the implicit
racial bias that exists throughout numerous decision points within the criminal justice
system. This issue could potentially impact the results of research using official police
arrest data as it may oversample minority suspects who are more likely to have police
contact which result in arrests. Additionally, as a result of redlining, segregation, and high
levels of concentrated disadvantage, crime is often concentrated in certain sections of the
city, which could lead to oversampling of individuals living in those areas as these areas
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are more heavily policed than others. This oversampling of suspects and areas may impact
the journey to crime findings as we know from previous research that minority offenders
do differ in their journey to crime distances than white offenders, however this was
examined via the demographic analyses presented above.

Main findings
The preceding limitations are recognized and well-known from the outset of the
research. This is a large dataset, however, and the data volume helps to overcome some of
these issues especially in the context of the sample sizes and directional statistical
analyses. Additionally, the rigorous subsetting procedures, sensitivity analyses, and edge
effects calculations were all undertaken to focus the research. What follows is a discussion
of the most salient findings.
The surprising finding is that there is no significant difference in the journey to
crime travel distances when comparing an individual’s most recent solo offense to their
most recent co-offense. This matches findings by Snook (2004) but is contrary to what
would be expected based on prevailing criminological theory. We know from previous
journey to crime literature that the distance of crime trips are typically short (1-2 mi.), and
that individuals are more likely to commit offenses in areas that are part of their awareness
space and where they feel comfortable and best able to weigh the risks and rewards of
crime commission (Ackerman & Rossmo, 2015; Brantingham & Brantingham, 1981;
Capone & Nichols, 1976; Gabor & Gottheil, 1984; McIver, 1981; Phillips, 1980; Rengert &
Wasilchick, 1985; Rossmo, 2000; Wiles & Costello, 2000). The influence of a co-offender
is however important to consider as these ties are often crucial sources of offending
information and criminogenic influence that flow along these pathways between offenders
whereby they learn to cooperate, acquire knowledge, and develop expertise (Bastomski et
al., 2017; McAndrew, 2000; Ouellet et al., 2013; Warr, 2002). Thus, we would anticipate
differences in journey to crime when a co-offender is present, potentially influencing the
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typical journey to crime distance; however, this is not the case with the present research
findings.
One potential explanation is that the offender and their co-offender live near one
another, given co-offending relationships are typically formed among individuals who are
spatially or socially close to one another and share routine activities and awareness spaces
activities (Felson, 2003; Hipp & Perrin, 2009; McPherson et al., 2001; Pettersson, 2003;
Schaefer, 2012). This null finding may be a product of the propinquity element of cooffender relationships, negating the potential impact of a co-offender on journey to crime
distance. Yet when examining the distance between 2,156 matched offender co-offender
dyads (loss of 432 observations due to missing/incorrect data), we find that only 5.6% of
these offenders live in the same block and approximately 33% of the dyads live within 1
mile of one another. It does not appear that spatial proximity is the lone factor driving the
similarity between solo and co-offense journey to crime distance.
The previously discussed study by Lammers (2018), is relevant to these findings as
well. Although that study found that co-offenders had larger cognitive maps (less than 50%
shared awareness space) co-offenses were more likely to occur in shared awareness spaces
than in areas only known to one of the offenders. This is an important finding in the
context of the lack of significant differences seen between solo and co-offenses in this
research. It is possible that although an offender’s awareness space increases with the
addition of a co-offender, this doesn’t translate into significant changes in offender
behavior. Thus, there may be some cognitive dissonance between the opportunity
provided by an expanded awareness space (e.g. criminal opportunities) that arise from cooffending relationships and the willingness to engage in criminal activity in areas that are
still technically unfamiliar to one of the offenders. It’s possible that offenders—whether
offending alone or with someone else still require a degree of familiarity with an area and
this is a more important consideration than the potential criminal opportunities present
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in an expanded cognitive map of awareness spaces. This is an area that is ripe for future
research and greater elaboration, which likely requires ethnographic or qualitative data
and analyses that can better disentangle the complexities of offender decision-making. In
addition, attempts to quantify whether co-offender awareness spaces definitively expand
and by how much would also improve our understanding of the interplay between
awareness space and how it translates into criminal activity.
Another potential explanation is the potential bias of the arrest data and an
oversampling of young, black males. We know that co-offenders often form ties with
individuals who are similarly situated to themselves in terms of age, race, and gender
(McGloin & Piquero, 2010; McPherson et al., 2001; Reiss & Farrington, 1991, Warr, 2002).
There is a large proportion of black offenders in the dataset (66%) and they are also
predominantly male (88%). If homophily is a driving force in co-offender selection, the
similarities between solo and co-offenders may obscure any differences in their journey to
crime distance comparisons. Studies that examined racial differences in journey to crime
distance found that white offenders are consistently more mobile and travel farther than
minority offenders across a variety of crime types (Chainey et al., 2001; Hayslett-McCall
et al., 2008; Phillips, 1980; Wiles & Costello, 2000). Thus, if we’re primarily comparing
young, black offenders (who travel shorter distances than their white, older counterparts)
who typically offend with other young black offenders, this may account for the nonexistent difference between solo and co-offense journey to crime distances.
Finally, it is possible that there are factors that I was unable to account for in this
research such as the broader (undocumented) networks of co-offenders and the role that
prior anchor locations may play in the journey to crime. Recent research has demonstrated
that offenders will travel to previous home neighborhoods in order to offend, as well as
previous offense locations and thus these areas may be key to a deeper understanding of
journey to crime research (Bernasco, 2010; Bernasco et al., 2015; Bernasco & Block, 2009;
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Lammers et al., 2015; Wheeler, 2012). Therefore, if offenders in the data were travelling
to offend with a co-offender from the previous home/offense area, yet commit their solo
offenses around these previously important anchor points, it may obscure the fact that
they are actually travelling farther to commit co-offenses now that they’ve moved.
Additionally, the networks that tie the co-offenders together which transmit offending
information may also link neighborhoods and individuals from across the city whereby
neighborhoods are connected through co-offender networks that drive aggregate level
crime rates (Papachristos & Bastomski, 2018). This may result in more similar aggregate
offender behavior as individuals interact and form co-offending networks that obscure
individual-level differences in offending behavior as they all exhibit similar travel patterns
regardless of what area of the city that they live in and whether or not they’re with another
offender.
Turning to the main directionality findings, we also see no significant difference
between solo and co-offenses when examining their journey to crime. As discussed
previously, we would expect, based on previous research and theory, that the inclusion of
co-offenders could influence the travel behavior of their co-conspirators (Bastomski et al.,
2017; McAndrew, 2000; Ouellet et al., 2013; Sarnecki, 2001). Previous work into journey
to crime directionality also finds that the directional preferences of offenders is relatively
stable and that across crime types they operate within a narrow spatial corridor (Frank et
al., 2012; Goodwill & Alison, 2005; Kocsis et al., 2002; Rengert & Wasilchick, 1989; Van
Daele & Bernasco, 2012). This would imply that offenders would have strong directional
inclinations that they could potentially transmit to their co-offenders and thus one of the
offender pair would wind up with a significantly different directional orientation for their
co-offenses compared to those they committed alone. However, the current research
findings do not reflect that, although we do find that offenders overall displayed
directional consistency and that this was commonly oriented towards the city center.
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The importance of the city center as a directional magnet for offending is a key and
robust finding from this research. It is important to discuss this critical element of the
research question and design that is worth revisiting in light of what we know about the
importance of Center City historically in Philadelphia. The origin of Center City as a main
structural component of Philadelphia is perhaps important to understanding why we see
offending behavior drawn towards it. The majority of offenders travelled in the general
direction of Center City regardless of crime type or whether they were with another
offender, and there were twice as many crime trips with a mean direction reflecting this
orientation as opposed to away from it. The Center City area has historically been the main
hub of the city dating back hundreds of years, and the outgrowth of the city as a whole
began with a very small stretch of land occupying only 2 miles north and south along the
Delaware river and only 1 mile west at its widest point. This has remained the geographic
‘heart’ of the city since. Despite the relative size of the area, the density and land values
were distributed similarly to modern industrialized cities as far back as 1790 and as it
slowly grew, many of the historical buildings and landmarks denoting this city center still
remain today (Hoppenfeld, 1960; Schweitzer, 1993). This historical precedence is key as
the importance of Center City stretches back to the earliest days of the city and is ingrained
in the structural composition of the city. Transit lines concentrate and flow to Center City,
entertainment and restaurant businesses orientate to the center, and city support services
concentrate there (Morcol, 2010). The role of the city center as a directional magnet was
recognized early on, as Schweitzer (1993) points out;
“…there was a centripetal tendency pulling residents and real estate values in
toward the center. This centripetal pull was at least as strong as for present-day
cities, if on a much smaller basis” (p. 36).
There has been a consistent pull for individuals who live in Philadelphia towards the city
center, and this is evident in the directional preferences of the offender’s in this research.
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Although we didn’t find an abundance of crime trips that end in the city center (<5%), the
key structural components (e.g. public transit lines, street composition etc.) that were
created to improve flows into and out of Center City may ultimately influence offender
behavior and produce the directional patterns seen in this research.
The historical and current environmental backdrop of the city center may draw
individuals towards it more generally and make it attractive to offenders but also the
routes offenders take towards the city center become part of their awareness spaces and
lead to more crime being committed in that general direction. This is potentially the reason
that we don’t find significant differences between solo and co-offenses in terms of their
preferred directionality. Recent research in offender behavior using transportation
surveys has found a ‘funneling’ effect that the daily mobility of urban populations
determines where crime takes place. As both crime and non-crime trips are funneled
towards certain areas, offenders are more likely to offend along these routes (Boivin &
D’Elia, 2017; Felson & Boivin, 2015; G. Song et al., 2019). This may also be the case with
our solo and co-offenses, whereby the general movement of the population towards the
city center of Philadelphia funnels offender directionality similarly and that the resulting
awareness spaces are either shared among offenders or are far more powerful than any
single offender’s awareness space alone. It is important to consider this finding in light of
the previous discussion of findings by Lammers (2018) and that directional consistency
may increase awareness space but that offenders are drawn in a similar direction for cooffending or compromise beyond their directional preferences. This may suggest that
regardless of where offenders live, certain areas (such as Center City and the well-traveled
routes towards it) are more attractive as crime locations and are shared by multiple
offenders. This is borne out in the directionality findings, whereby regardless of being
alone or with a co-offender, crime trips tend to head towards the city center (even if the

143

crimes themselves aren’t committed there) implying that offenders share similar beliefs
about the attractiveness of certain areas for criminal activity.
Again drawing on the work by Lammers (2018), although having a co-offender
might increase the overall combined awareness spaces of the offenders, they could be less
likely to explore areas one of them may be unfamiliar with and instead prefer areas that
they both share. So, the city center acting as a directional magnet combined with the
structural backdrop of the city funneling movement towards it results in a greater
likelihood of offenders sharing awareness spaces that draw them in that general direction.
Because of this, it’s harder to detect differences between the solo and co-offense
directionality and distance. Offenders aren’t allowing themselves to be pulled in a different
direction by their co-offenders; rather, they are settling on areas that are comfortable or
known to both parties. Hence, we don’t see dramatically different behaviors regardless of
the addition of a co-offender. Thus, further disentangling the nature of awareness space
and how it manifests in actual offending behavior patterns in the context of group
offending is a rich avenue of future research.

Additional findings
Beyond the main findings discussed above there several additional findings that
are useful to note as they provide a more nuanced look at the complexity of directional
behavior of offenders. As mentioned previously, research into the directionality of
offending in relation to the journey to crime of offenders has been limited in comparison
to distance-related research. The findings of the current research contribute to this body
of work by employing an underutilized methodology (i.e. circular statistics) that revealed
some interesting findings.
First, even though most offenders displayed directional consistency that was
oriented towards the city center, there were exceptions. In particular, a number of the
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sensitivity analyses revealed that there were significant departures from the assumed
unimodal directionality of offenders in their journey to crime. As discussed above,
previous research into the directionality of offending finds most offenders display
directional consistency and operate within a well-defined spatial corridor (Frank et al.,
2012; Goodwill & Alison, 2005; Kocsis et al., 2002; Rengert & Wasilchick, 1989; Van Daele
& Bernasco, 2012). However, with some of the crime type and demographic subsets we
find that there is complexity and variety in offender directional preference leading to
uniform or bimodal distributions of crime trips. The Rayleigh test examines whether there
is a significant departure from a uniform distribution of directions (all directions equally
likely) and for property, violent, and white solo and co-offenses this test failed. Instead,
white, solo and property and violent co-offenses were found to have uniform distributions
once examined using maximum-likelihood techniques indicating that these offenses in
aggregate lack directional preference towards the city center.
Journey to crime research examining distance has repeatedly found differences
when comparing across crime types (shorter distances for violent crime) and it may be
that the directionality of violent and property crimes committed with others are more
likely to be influenced by one party or another leading to a greater variety of movement.
For instance, property crime co-offenders may have more of a uniform distribution (not
just city center preference) as they are willing to travel in any number of directions to
maximize profit (Ackerman & Rossmo, 2015; Vandeviver et al., 2015; Wiles & Costello,
2000). Some violent offenses committed with a partner involve much more complex
considerations than when offending alone (for example as there’s a built-in witness, or
around violent crimes stemming from personal relationships/beefs), considerations that
override the inherent pull towards the city center. The uniformity of solo white offenders
as opposed to non-white solo offenders directionality could result from the fact that white
offenders have been found to be more mobile overall when it comes to the journey to crime
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and to travel farther distances than their non-white counterparts which could plausibly
extend to their lack of a directional preference as well (Chainey et al., 2001; HayslettMcCall et al., 2008; Phillips, 1980; Wiles & Costello, 2000). Interestingly, solo property
and white co-offenses were found to have bi-modal distributions whereby those offenders
were just as likely to travel in two different directions, that were nearly opposed to each
other (i.e. 180°). The inherent rationality of offenders, and in particular property offenders
may again come into play as the areas that are most attractive are also attractive to other
property offenders, reducing the number of targets and increasing police scrutiny leading
to their travel in the opposite direction to avoid these issues. Similarly, for white cooffenders their bimodality may be a product of their greater travel mobility combined with
attempts to avoid the heightened police activity in traditionally high crime areas while
some are attracted to them.
Second, the analyses conducted to measure linear-circular association between
distance and directionality were found to be significant across both datasets. Specifically,
it was found that there was a positive association between distance and directionality for
both solo and co-offenses, although these were marginal effects that were detected.
Previous research found positive relationships with trip length and directional consistency
and this is mirrored in the current findings (Van Daele & Bernasco, 2012). For the full
analyses, the impact was likely larger as there were longer crime trips included and based
on the make-up of the city (and the edge effects issue discussed previously) longer distance
trips are more limited in the number of directions that they can travel. However, the fact
that this pattern was present in the buffered data as well does imply that the relationship
between directionality and distance in the journey to crime is stable, which warrants
further exploration. It could be that this pattern is a result of data constraints (not unique
to this research) where long-distance trips that end outside of administrative boundaries
artificially limit the directional behavior of individuals, or it could be true that the longer
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one travels to offend, the more precise they will be in choosing an offense destination.
There may be temporal and spatial awareness limitations inherent in the longer crime
trips and that offenders who are travelling farther do so with specific places in mind to
offend as familiarity is a key compo. A dataset which had more detailed information on
exact home locations and crime destinations that was not limited by administrative
boundaries could likely provide greater understanding of this phenomenon.
Finally, the age findings for both distance and directionality were notable. Age is
consistently an important consideration when examining journey to crime, and the
findings from this research contradicted some of these previous findings while also
providing insight into age and directional preference. Typically, researchers investigating
age and journey to crime distance find that younger offenders travel shorter distances than
their older counterparts (Baldwin & Bottoms, 1976; Gabor & Gottheil, 1984; Reiss &
Farrington, 1991; Wiles & Costello, 2000). However, in this research younger offenders
were found to have just slightly longer travel distances than older ones, by about a half to
a full city block. This is a negligible difference, but still having similar distances to older
offenders is contrary to what would be expected from past findings. It could be that the
buffering that was done to combat the edge-effects issue was far more constrictive on older
offender travel distances than younger ones and reduced those older travel distances to be
more in line with what would be expected of younger offenders. Additionally, younger
offenders typically are more temporally restrained, spending more time near their home
blocks generally, becoming familiar with the area around it and may be more likely to
explore, wandering farther afield. Thus, their offending behavior may take them to the
edge of these boundaries (and as far from home as possible) whereas older offenders
typically travel farther and don’t offend close to home, but when they do they are less likely
to wander towards these boundary areas and stick to closer, more familiar environs.
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We also find that older offenders have a significantly different directional
distribution when comparing their solo and co-offenses while younger offenders do not.
When testing across age groups to examine differences between their mean directions and
directional distributions we find young and old offenders are significantly different from
one another when it comes to co-offense travel behavior. Firstly, the solo and co-offense
difference for older offenders could stem from the critical dynamic of co-offending more
broadly, impacting solo versus co-offending behavior. Offenders build trust over time and
seek out offenders who are similar to them, and since trust is crucial to co-offending
relationships, the kind of social capital built between older offenders may result from
seeking out other older offenders who have certain skills or expertise (Bastomski et al.,
2017; Ouellet et al., 2013; Tremblay, 1993; Weerman, 2003). Thus, though they may be
more seasoned offenders they would typically offend in familiar awareness spaces when
alone but are more willing to trust other offenders who they partner with in terms of
travelling in different directions than they would otherwise, leading to the observed
differences. Similarly, these co-offending dynamics are likely different depending on the
age of the offending group. Younger offenders are less likely to have expertise and
experience, are likely to be less trustworthy, and may be more likely to rely on propinquity
than older offenders in establishing co-offending relationships (McPherson et al., 2001;
Sarnecki, 2001; Schaefer, 2012; Warr, 2002). Therefore, they would display
fundamentally different directional preferences than older co-offenders as they would
have different routine activities, awareness spaces, and are limited in their behaviors that
all would impact their offending travel behavior.
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Practical Considerations
As with all social science research, it is important to consider the practical
implications of this work beyond solely theoretical importance. If one were to extrapolate
from the current research, it’s possible that the overall patterns in journey to crime
directionality throughout the city may inform geographically strategic crime management
strategies. Cities often employ transportation demand research and model traffic flows in
urban and surrounding suburban areas to monitor the travel behavior of individuals and
identify areas of high versus low commuting, and a similar approach may benefit crime
control. For example, Rengert’s (1989) work in Philadelphia highlighted the tendency of
convicted burglars to not only offend within their home neighborhoods but also travel to
other areas where criminal opportunity was higher. It’s possible that investigating the
directionality of offending travel flows akin to studies of non-criminal travel flows may
reveal areas of the city that are high exporters or importers of criminality. Potentially this
work could highlight certain protective factors at play in neighborhoods that are high
crime exporters (high offender population but low crime) that could inform crime control
strategies that could be implemented in other parts of the city. Conversely, one could
identify neighborhoods that are high crime importers (low offender population but high
crime) that contain elements of the built or social environment that are attractive for
offenders and determine appropriate interventions to target these issues. Combining the
directional methodology from this research with mapping and visualization, it would be
possible to get a more comprehensive picture of criminal travel behavior across cities by
illuminating key differences between high and low crime exporting areas.
Both types of neighborhoods could be of use to both police and non-law
enforcement agencies alike, in underscoring where to implement crime reduction or
offender-focused strategies depending on the neighborhood. It could also highlight areas
of the city that have been particularly hit hard by disinvestment or concentrated
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disadvantage. By focusing city services into these high crime importers to help alleviate
the environmental and social correlates of crime could have a much stronger impact that
focusing on the city as a whole. Similarly, this work could identify neighborhoods that are
linked by crime and could benefit from increased linkages with not only city services and
organizations but also with communities and organizations that have less crime and more
pro-social norms. This could create networks of neighborhoods that work together to
improve outcomes for communities across cities. Additionally, these crime travel flows
may identify common travel routes that intervention strategies could target to inhibit the
movement of offenders into certain areas. The directional methods utilized may also be
adopted by official agencies to formally analyze flow data and measure the hypothesized
impact of different crime intervention strategies. For example, technologies like
automated license plate readers may work best when placed along well-traversed
offending routes that involve a range of crime types (Koper et al., 2013; Lum et al., 2011).
In conclusion, after reducing 276,534 original arrest records down to a final tally
of 50,928, consisting of 14,735 individual offenders in the 6th largest city in the United
States across 2010 to 2017, both linear and circular statistical analyses were conducted to
examine differences between the journey to crime of solo and co-offenses. Overall,
contrary to what was hypothesized, the research found no significant differences in the
distance to crime undertaken by offenders between their solo and co-offenses and only
exploratory differences in the directionality. However, the directional analyses did
reinforce the importance of the city center as a directional magnet for offending behavior
and revealed crucial nuances between different crime types and offender demographics.
Ultimately, this research provides an important extension of the journey to crime
literature by incorporating directionality and the use of circular statistics while
illuminating some of the nuances of offender travel behavior in a dense urban
environment.
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