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Introduction

While crime has generally declined in
Western cities since the early 1990s (Farrell
et al., 2014), it continues to be an inherent
aspect of urban life, imposing significant
social costs and influencing collective per-
ceptions of safety and justice. Beyond direct
harm to victims, crime can restrict urban
residents’ freedom to engage in everyday
activities and deter investments that are cru-
cial for city development. These dynamics
not only impact quality of life but may also
generate, reflect or reinforce spatial inequal-
ities: crime affects communities to different
degrees, and is concentrated within particu-
lar localities (Weisburd, 2015). In this con-
text, understanding how crime shapes — and
is shaped by — broader urban processes such
as mobility, gentrification and segregation is
essential for better understanding the urban
condition and the social, economic, and spa-
tial processes that define it.

Environmental criminology proposes that
patterns of crime are best understood as the
aggregation of numerous situated micro-
level interactions between people and their
environment. Contemporary understanding

in this domain has been heavily influenced
by Cohen and Felson’s (1979) routine activ-
ity approach and Brantingham and
Brantingham’s (1981, 1984) geometry of
crime and crime pattern theory. These per-
spectives assert that where and when people
spend their time is the key driver in bringing
together the essential elements for crime —
suitable targets, motivated offenders, and
the absence of capable guardianship. The
provision of these elements, they argue, is
best considered through the lens of everyday
activities — the locations people frequently
visit (often referred to as routine activity
nodes), the pathways that connect them, and
the physical, social and economic backcloths
within which they are situated (Brantingham
and Brantingham, 1984; Brantingham et al.,
2016).

This approach has generated powerful
heuristics supporting both theoretical and
applied efforts to understand the spatio-
temporal character of crime (see Wortley
and Townsley, 2017). Cohen and Felson’s
landmark early work, which reconciled
increased crime rates post-WWII with sys-
tematic changes to routine activities, has
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underpinned numerous seminal develop-
ments in the field. While deceptively sim-
ple, the Routine Activity Approach places
everyday activity patterns at the heart of
crime opportunity, helping to explain both
long term trends and fine-grained patterns
of crime. It has informed the logic of hot-
spots policing (Sherman et al., 1989) and
provided the theoretical foundation for the
analyses of spatio-temporal clustering in
crime events (Johnson et al., 2007),
journey-to-crime patterns (Rossmo, 2000)
and offender targeting strategies (Bernasco
et al., 2013a).

Despite the prominence of this perspec-
tive, however, environmental criminology
has consistently been hindered by its inabil-
ity to directly measure the primary explana-
tory variable: the routine space-time
behaviour of individuals. In the absence of
direct observations, research has instead
relied upon aggregated measures, such as
those which identify sets of places that vary
in how often they are frequented. While
these variations may reflect their usage by
the population as a whole, they do not allow
the testing of individual-level theories, which
are specified in terms of the way in which an
individual’s personal risk of victimisation or
offending is influenced by the structure of
their routine behaviours.

Other approaches are individual-focussed,
but aggregated over time or activities. For
example, many national victimisation sur-
veys measure the frequency of different
activities away from home and correlate
these indicators with victimisation outcomes
(e.g. ‘During a typical week, on how many
evenings do you go out for fun and recrea-
tion?”” Osgood et al., 1996: 653). Such
approaches are not sufficiently specific,
though, to capture the particular settings to
which theory refers: what matters is where
and when individuals go out, and whether it
is in these settings that victimisation occurs
(Lemieux and Felson, 2012).

The lack of measurement is even more
pronounced for paths than for nodes: there
is scant empirical evidence about how indi-
viduals travel between places, and specifically
the routes they take when doing so. Studies
must instead rely on proxy measures (Davies
and Johnson, 2015), and are again limited to
the aggregate level. Given the theoretical
importance of these paths, this significantly
limits our ability to verify core theoretical
principles.

Recent work by Browning et al. (2021)
offers a comprehensive review of the role of
mobility in criminological theories and high-
lights novel data collection strategies, includ-
ing person-centred strategies such as GPS
tracking and space-time budgets as promis-
ing tools for measuring human movement.
Our contribution to this research field is that
we offer a conceptual and computational
framework that shows how detailed
individual-level raw mobility traces can be
translated into core theoretical constructs
such as nodes, paths and activity spaces,
thereby providing a direct operational
bridge between theory and empirical data

We draw on interconnected advances in
the proliferation of smartphone technologies
and methods capable of analysing the data
they generate. Our goal is to increase the
specificity and scalability with which the key
explanatory constructs of environmental
criminology can be quantified, and thereby
refine our understanding of how stylised the-
oretical concepts are manifested in real-
world behaviour. To this end, we outline a
reproducible framework for analysing geolo-
cation data collected from smartphones, spe-
cifying methods (and providing
corresponding tools) to identify and measure
key constructs. We illustrate these methods
by analysing geolocation data generated by
a sample of young people living in
Queensland, Australia.

This new approach to quantify routine
activities, we argue, is at the vanguard of a
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new environmental criminology — enabling
detailed, reproducible research linking space-
time behaviour to individual victimisation
risk and societal crime patterns. Ultimately,
understanding how these mechanisms give
rise to crime will offer insight into this inher-
ent aspect of urban life, and its interdepen-
dence with other social processes.

Defining routine activities

Cohen and Felson’s (1979) routine activity
approach defines routine activities as recur-
rent behaviours that meet basic needs, such
as work, leisure and social interaction,
occurring at home, work or other locations.
Brantingham and Brantingham’s (1981) geo-
metry of crime and crime pattern theory
build on this by introducing activity nodes
(frequently-visited locations like home, work
or shopping centres) and paths (the routes
travelled between these nodes). Collectively,
these nodes and paths form an individual’s
activity space, within which they accrue
familiarity and build awareness.

Environmental criminology proposes that
crime occurs where offenders’ activity spaces
overlap with the presence of attractive tar-
gets. In particular, the geometry of crime
and crime pattern theory visually represent
likely crime locations as places where offen-
ders, during their routine activities, encoun-
ter attractive targets within their awareness
space (see Figure 1).

It is hard to overstate the degree to which
this depiction of the crime event as a func-
tion of routinised movement, and moreover
the diagram itself, has influenced environ-
mental criminology. A cursory search of lit-
erature finds numerous variations of this
diagram in a diverse array of contexts. Yet
despite its prominence, with a small number
of exceptions (e.g. Curtis-Ham et al., 2023,
2024; Menting et al., 2020), many of the key
underlying hypotheses have not been tested
directly. To illustrate, while the concept of

activity node is easily explained, there is
almost no criminological literature about the
extent to which individuals — in their roles as
offenders or victims — frequent different
types of activity node, or the amount of time
they spend at those locations.

We argue that the primary reason for this
is our inability to directly observe individual-
level routine activities. Without such obser-
vations it is impossible to know (a) whether
the model proposed is an accurate depiction
of mobility, (b) how it can be refined and (c)
the extent to which core elements (e.g. num-
ber of nodes) vary across individuals. Such
specificity would have implications not only
for theory but also for empirical studies of
crime and application of their insights to
inform crime reduction measures.

Previous measurement of routine
activities

As remarked previously, the lack of specifi-
city of many existing victimisation surveys
means that they fail to capture the most
important dimensions of individuals’ routine
activities with respect to crime: precisely
where and when they spend their time.
Where one goes is fundamental for under-
standing victimisation risk for the simple
reason that crime is not evenly distributed
(Weisburd, 2015), even among similar places
(Eck et al., 2007). The timing of activities is
also crucial because crime clusters tempo-
rally — by hour, week and season (Felson
and Poulsen, 2003). Someone visiting a
problem bar on Saturday night will be
exposed to more victimisation risk than
someone visiting the same bar on Monday
afternoon.

Since the early 2000s, research has sought
to develop methods capable of capturing
more nuanced depictions of person-place-
timing interactions. Time-use data-collection
instruments, like the Space-Time Budget
(STB) questionnaire, have been used in
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criminological research to overcome the lim-
itations of previous approaches (Hoeben
et al., 2014). The STB is a retrospective
pencil-and-paper survey used to collect
detailed information about how and when
people interact with their proximate envi-
ronment (Wikstréom and Butterworth, 2006;
Wikstrom et al., 2012). In structured face-
to-face interviews, trained personnel guide
respondents to recall — typically at 1-hour
intervals — time-use information across sev-
eral days of the week, including the specific
places where they spent their time and their
primary activity while there.'

This approach is time-consuming, relies
on accurate long-term recall, and assumes
that the participants’ primary activities
within each hour are relatively static.
Despite these threats to validity, however,
the STB has been used to produce detailed
information about person-place interactions
and  criminogenic  behaviour  settings’
(Averdijk and Bernasco, 2015; Bernasco
et al., 2013; Wikstrom et al., 2012). A related
body of work has also employed manual
recording of routine activities from victims
of violent crime via geographic information
systems (Wiebe et al., 2016). These studies
highlight the potential of activity surveys to
capture person-environment interactions
across criminogenic contexts.

Human dynamics

In recent decades, a new line of research has
drawn on large amounts of anonymised
location data from smartphones to explore
how people move and interact in everyday
life. This interdisciplinary field, referred to
as ‘human dynamics’, merges computational
methods, network science and social sciences
to understand human mobility, and in par-
ticular its regularity and predictability. Early
work in the field (Gonzalez et al., 2008)
showed that individuals’ mobility patterns

were inconsistent with existing models that
characterised movements as random walks.
Observed movements showed much less ran-
domness, with individuals tending to visit a
limited number of familiar places, and with
their movements displaying a high degree of
temporal and spatial regularity (i.e.
routines).

The ‘exploration and preferential return’
model (Song et al., 2010) was developed to
account for these regularities. Exploration
refers to individuals’ tendency to visit new
places over time, while preferential return
captures the observation that individuals are
more likely to return to places they have vis-
ited previously (e.g. home, workplace). This
model was found to successfully describe
patterns of human mobility observed in
smartphone data. Subsequently, it has been
extended with a social component, demon-
strating that individuals are also attracted to
places visited by other people (Schldpfer
et al., 2021).

Collectively, this review of approaches
highlights an opportunity to revisit the way
in which core constructs associated with
place-based criminology — especially those
that have traditionally relied on indirect
measures — are operationalised. While STBs
provide rich accounts of personal activities,
they are resource-intensive and subject to
recall limitations. Smartphone-based mea-
surement, which is passive and highly granu-
lar, has the potential to transform
understanding of these constructs, but has
not yet been applied to assess if core
assumptions within environmental criminol-
ogy are observed in real-world behaviour.

Current study

We now set out a systematic approach for
quantifying routine activity constructs. Our
primary goal is to specify a series of opera-
tionalisations capable of measuring charac-
teristics of individual-level patterns of
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Figure 1. Offender activity space and predicted
crime locations according to crime pattern thoery
(adapted from Brantingham and Brantingham (1981,

p. 42)).

human mobility. These operationalisations
enable a more specific understanding of indi-
vidual routine activities, and can also be used
to assess how generalisable measures are
between individuals, and thus how valid
hypotheses implied by the characteristic
depiction of routine activities found in
Figure 1 might be. To demonstrate these
methods, we describe the use of a smart-
phone app to collect geolocation data from a
sample of young adults living in Queensland,
Australia.

Sample

This study analyses the space-time beha-
viour of a sample of young adults living in
the Brisbane Metro areca of Queensland,
Australia. Brisbane is the third most popu-
lous city in Australia, with a population of
approximately 2.7 million in 2023. Study
participants were recruited via online social
media; ads were posted on Facebook and
Instagram from 20 February through 1
March 2017 and targeted 18-to-24 year-olds
living within Brisbane. A total of 95 individ-
uals responded to the ad campaign, met elig-
ibility requirements, and were enrolled in the
study.

Data

Data were collected from participants over a
period of 30 days during March 2017, using
a smartphone app called Sense.DAT
(Mobidot, 2017) which passively tracks parti-
cipants’ geographical locations. Participants
were required to download and install the app
on their own smartphone (either Android or
10S) as part of the study’s eligibility require-
ments. The Sense.DAT app was designed for
mobility research and had been used in several
studies outside criminology (e.g. Geurs et al.,
2015; Suijs et al., 2015).

To conserve battery, Sense.DAT utilises
movement-initiated measurement, where data
recording begins when a participant’s device
senses a ‘significant change in location’
(Mobidot, 2017). The app captures the loca-
tion of the device (in coordinates) at 1-second
intervals, using the phone’s GPS sensor, until
movement ceases. Temporal gaps in observa-
tions can thus be interpreted as either station-
ary time or a loss of battery or signal.

Quality

Data were collected from 61 of 95 eligible
participants at least once during the 30-day
study period (64% participation). Of these
61 participants, 44 were recorded on at least
21 unique days over the month (46% com-
pletion). The remainder of the paper pre-
sents analyses of data generated by these 44
individuals only. Collectively, these partici-
pants generated 1.1 million timestamped
location measurements—henceforth referred
to as waypoints — describing 48,754 km of
travel distance.

Method

We now outline methods to derive measure-
ments of key constructs from these data. We
do this in stages: after examining nodes, we
analyse the trips between them, and the
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paths taken during these trips. At each stage,
we provide pseudo-code for the steps
required to translate raw waypoint data into
these core constructs and present an illustra-
tive application of the method to our sample.
In doing so, we propose several approaches
for summarising these measures amongst a
cohort of individuals, while also assessing
the degree to which participants differ in
their spatial behaviours.

Constructs
Nodes

Our first core construct is the routine activity
node. In the literature, this is conceptualised
as a place repeatedly frequented by an indi-
vidual, such as a home, workplace or social
setting. We define it here simply as a location
that is repeatedly visited, and identify such
cases by applying the following approach to
each participant’s waypoint observations:

1. For each waypoint, calculate the dis-
tance in time (delta_t) and space (del-
ta_d) to the next waypoint.

2. Identify all waypoints where delta_t is
greater than stationary_time_threshold
(default = 10 minutes). Of this subset,
identify waypoints where delta_d is less
than stationary_space_threshold (default
=100 m) and classify these as stops.

The first step identifies all waypoints where
the device has not generated data for an
extended period. This implies that it is either:
(a) stationary or (b) moving but has lost sig-
nal or power. The second step is intended to
ensure that only the former case is identified
asa stop.4

3. Apply the clustering algorithm
DBSCAN, which identifies groups of
points that lie within a given distance of
each other, to all stop points. This is

applied with maximum radius node_ra-
dius (default = 100 m) and size node_
visit_freq (default = 2), meaning that it
identifies locations where multiple stops
have occurred within close proximity.
Each of these locations is considered to
be an activity node and the correspond-
ing stops are tagged as node visits.

The output of this process is clearly depen-
dent on the various parameter values used.
Some parameters, such as stationary_time_-
threshold and stationary_space_threshold,
likely have minimal impact. The former dis-
tinguishes between brief pauses and extended
stops; the latter ensures that GPS noise or
minor movement within a location does not
lead to false node splits. Default values for
these parameters are acknowledged to be
arbitrary, informed by exploratory data
analysis and pragmatic judgement. Other
parameters may have a larger influence, and
indeed greater conceptual significance. An
example of this is node_visit_freq: how often
a location must be visited to be considered a
routine activity node.

Because the number of observed days var-
ies across participants, we standardise the
procedure by specifying a fixed visit_regularity
— which specifies that a routine activity node
must be visited at least once every D days, on
average — and use this to derive the corre-
sponding node_visit_freq for each participant.
If visit_regularity is four days, for example,
then a participant observed for 24 days would
be required to have stopped at a location six
times, whereas a participant observed for
28 days would require seven stops.’

As expected, the less often a node is
required to be visited, the more nodes will
be identified for each participant (see Figure
2(a)). Half of participants have three or
fewer locations that they visit at least once
every four days, but the median number of
locations visited every two weeks was eight
(essentially, all locations visited more than
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Figure 2. (a) Boxplots showing the variation in number of activity nodes identified per individual for a
range of possible values of the visit_regularity parameter. Boxes represent interquartile range; horizontal
lines indicate median and (b) proportion of time spent by participants at their most-visited node.

once). The extent of variation within each
category also indicates that the range of
places frequented is much greater for some
participants than others.

While the dependence on visit_regularity
is clear, there is little basis on which to select
a particular value. The term ‘routine’ is not
defined in concrete terms within literature,
and no fixed value would be universally
meaningful. For concreteness, here we
explore the case where visit_regularity is
equal to 10 days (i.e. routine activity nodes
are those that are visited at least every
10 days, on average).

The activity nodes identified for each
individual are, of course, not equal and some
will be visited more than others. Most imme-
diately, all individuals would be expected to
have a highly-dominant ‘home’ location,
and this is indeed the case. As shown in
Figure 2(b), most participants spend more
than half their time at their dominant node,
though there is substantial variation across
participants.

There is also a high level of variation in
the extent to which other nodes are visited.
Figure 3 shows the distribution of time spent
across activity nodes for two example parti-
cipants (the dominant node is omitted in

both cases). The participants illustrate con-
trasting cases: both have seven activity
nodes, but while participant A (Figure 3(a))
has a relatively concentrated distribution of
activity, participant B’s (Figure 3(b)) is more
even. These differences likely reflect differ-
ences in lifestyles: the node which dominates
A’s (non-home) activity may be a work or
study location, whereas B has more spatially
diffuse activities.

Differences in the distribution of activity
across nodes evidently represent a further
basis to discriminate between the behaviours
of different participants. To study how the
extent of concentration varies, we first sum-
marise each participant’s distribution by
computing its associated Gini coefficient.
The Gini coefficient ranges between 0 and 1
and measures the extent to which a given
quantity is concentrated within a population
— here the extent to which time is concen-
trated within activity nodes. A value of 0
corresponds to a perfectly equal distribution
(time spent equally at all nodes), while 1 rep-
resents extreme concentration (all activity at
one node).

Figure 3(c) shows the distribution of these
values across our sample (excluding domi-
nant nodes). Our results demonstrate there is
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Figure 3. (a) and (b) Distribution of time across activity nodes for two example participants and

(c) distribution of Gini coefficients across sample.

no single archetype for how participants dis-
tribute their time, with the sample contain-
ing a mixture of individuals between the
two extremes, as exemplified by participants
A (Gini = 0.28) and B (Gini = 0.69).°
Encouragingly, the level of concentration is
relatively consistent across different values
of visit_regularity — the Gini coefficients
obtained using 10-day regularity have
Spearman’s correlations of 0.90 and 0.86
respectively with their 7- and 14-day coun-
terparts. In other words, individuals who
have a concentrated activity pattern do so
regardless of the definition of activity node
used.

Trips

Having examined the locations where indi-
viduals spend substantial amounts of time
(stops), and the locations where they do so
regularly (activity nodes), we now consider
behaviour between stops. In doing so, we are
implicitly considering another aspect of the
general structure proposed by the geometry

of crime: the links formed between activity
nodes during travel between them.

In this study, we define a trip as a specific
sequence of movements between any pair of
consecutive stops (as defined above); that is,
between the point at which an individual
begins moving after a previous stop and the
point at which they next stop moving. While
our empirical construct of a trip refers to
individual instances of movement, it is con-
ceptually related to the idea of paths in envi-
ronmental criminology, which describe how
routine movements between activity nodes
contribute to awareness spaces and shape
opportunity structures (Brantingham and
Brantingham, 1984). Examining trips there-
fore reveals not only which places partici-
pants travel between, how often, and the
extent to which such movements involve
routine activity nodes, but also the connect-
ing paths, which themselves form part of
activity and awareness spaces.

Most participants complete between three
and five trips per day, on average, with none
taking more than six. This is broadly
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Figure 4. (a) Proportions of trips of different types, (b) number of unique origin-destination pairs realised,
as a function of the number of nodes. The dotted line shows the maximum number of possible pairs for

each value.

consistent with visiting two places from
home — the outward and return journeys
would count as separate trips — though more
circuitous journeys are also possible.
Individuals are fairly similar in this respect —
almost all engage in some travel, but few
make large numbers of trips.

We can also examine where individuals
tend to travel. Figure 4(a) shows the propor-
tion of trips which (i) either start or end at
an activity node (i.e. feature at least one
node), (ii) start and end at the same activity
node (i.e. a round trip — an individual leaves
a node, moves for a period, then returns to
the same node) and (iii) start and end at dis-
tinct activity nodes (i.e. a journey from one
node to another). For most individuals, the
vast majority of trips involve at least one
activity node, but only a small proportion of
these return to the same node without stop-
ping. The proportion of trips between dis-
tinct activity nodes shows much more
variability: while most participants have
30%-50% of this type, the distribution
ranges from around 10%-70%. The remain-
ing trips will involve travel between an activ-
ity node and a non-routine stop location.

Trips between activity nodes are of partic-
ular interest, since they play a prominent role
within the geometry of crime. For any

individual, travel can — in principle — take
place between any pair of activity nodes, and
so the number of potential journeys is large.
Not all of these journeys will be taken, how-
ever, and some will be taken more frequently
than others.

Figure 4(b) shows the number of origin-
destination pairs between which at least one
trip was observed, as a function of the indi-
vidual’s number of activity nodes.
Individuals with more nodes have more
potential pairs: the dotted line shows the
number of possible combinations. While the
number of observed pairs does increase for
individuals with more nodes, however, it
does not do so proportionally. This is, of
course, unsurprising: individuals would not
realistically travel between every possible
pair of locations. More likely is that the
most important activity nodes (e.g. home,
university, work) are densely connected, but
that additional nodes only attract a modest
number of additional connections (e.g. to
home).

Two illustrative cases are shown in
Figure 5. In each case, nodes are connected
if a trip took place between them, and the
thickness of the arrows corresponds to the
frequency of trips. The individual shown in
Figure 5(a) has a relatively sparse pattern
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Figure 5. (a) and (b) Inter-node trip frequencies for two example participants and (c) distribution of Gini

coefficients for inter-node trip frequencies.

of connections, but with a high frequency
of travel between three particular nodes.
The individual in Figure 5(b), on the other
hand, has many more connections, but less
concentrated activity on any particular
pairing. The first individual is likely to
have a high degree of familiarity with a
small number of routes, while the second
travels more routes, but less routinely.

This concentration of trips can also be
summarised using the Gini coefficient, as
shown in Figure 5(c). Again, the sample
includes a range of behaviour types: some
whose movements are dominated by a few
highly-regular trips; others whose move-
ments are much more diverse; and many
more in between. These results are relatively
robust to the definition of activity nodes: the
Gini coefficients obtained for 10-day regu-
larity have Spearman’s correlations of 0.88
and 0.76 with their 7-day and 14-day coun-
terparts. This implies that individuals with
concentrated travel patterns do so regardless
of precisely how nodes are defined. The asso-
ciation is weaker (0.63) with 4-day regularity,

but this typically includes many fewer possi-
ble trips.

Visits
The frequency and accuracy with which
individuals’ movements are recorded means
that their movements can be examined with
a high degree of granularity. In particular, it
is possible to identify the routes that are
taken when travelling between stops, and
therefore the places that are visited during
through-travel, rather than just those at
which individuals stop. These routes are
especially important theoretically, because a
key idea is that visits in the course of routine
travel are important for both victimisation
(through exposure to crime risk) and offend-
ing (through the accrual of awareness).
Importantly, the granularity of the data
allows us to identify the particular streets
that individuals used when travelling
between locations. To do this, however, the
data must first undergo a pre-processing
step, known as map-matching. Map-
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matching is the process of converting raw
GPS data — recorded in terms of coordinates
only — to a path through streets segments on
the road network. This involves two funda-
mental steps: (1) matching each waypoint to
a location on the street network and (2)
identifying the paths between successive
locations. In this study, we used open-source
street network data from OpenStreetMap.

Map-matching is a non-trivial task,
because the spatial errors inherent in GPS
data mean that the segment that is closest to
a given waypoint may not be the one on
which the participant was actually located.
Simply matching waypoints to the nearest
segment can result in unrealistic routes, and
alternative approaches must be used—here
we used the approach proposed by Lou
et al. (2009)- the algorithm is described in
full in the paper, but the key steps can be
summarised as:

1. For each waypoint, the C closest seg-
ments  (Euclidean  distance) are
identified.

2. For each of these street segments, the
closest point on the segment to the way-
point is found. These C candidate points
are assigned a quality score based on
their distance from the waypoint —
closer points receive a higher score.

3. For all pairs of successive waypoints P
and Q, each of P’s candidate points is
paired with each of Q’s, and the shortest
network path between the two is found.
This is also given a transmission score
based on the similarity between the path
distance and the Euclidean distance
between the two waypoints.

4. The algorithm identifies the sequence of
candidate points and transitions
between them which maximises the
overall score. This corresponds to a
path through the network, which is then
considered to be the matched path.

This map-matching is applied to all trips, so
that each trip is represented as a path
through the network. Each path can be seen
as a sequence of visits to segments as they
are traversed.

Paths and activity spaces

In keeping with prior analysis, there is sub-
stantial variation in the distance travelled by
individuals: average distances per day are
evenly distributed between 10 and 60 km.
The average trip length also shows variation
around its mean of approximately 11 km,
though to a lesser degree: this suggests that
much of the variation seen in daily distance
is due to differences in the number of trips
undertaken.

Of greater significance than the distances
travelled, however, is analysis of the paths
themselves. For each individual, the processed
data provides a record of all visits to each
street segment within the study area, along
with the timing at which they occurred. Figure
6(a) shows the frequency of visits to each seg-
ment for an example participant — for privacy
reasons, we show data collected by one of the
study authors, not part of the sample — giving
a high-level overview of their overall activity
space. In the plot, red polygons denote activity
nodes and street segments are coloured based
on number of visits.

The example activity space shows several
regularities that are reflective of the sample.
The first is that only a small proportion of
segments were visited during the study
period. Figure 6(b) shows the number of seg-
ments visited at least once during the study
period, showing that most individuals visited
2000-5000 unique segments; approximately
1%—-2% of all streets within the study area.
This figure is even lower if restricted to seg-
ments that were visited more than once: for
most individuals, around half their visited
segments were only visited once.
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Figure 6. (a) Example activity space, with street segments coloured according to visit frequency, (b)
distribution of number of segments visited, (c) concentration of visits for two example participants and (d)
distribution of Gini coefficients for segment visit frequency.

If the number of segments visited is taken
as a measure of the ‘size’ of an individual’s
activity space, it is again clear that there is
substantial variation. One possibility is that
this is simply a function of overall activity;
however, there is no correlation between the
number of trips taken and the number of
segments visited. In particular, some individ-
uals make many trips but have relatively
small activity spaces, implying that either (a)

their trips use the same segments repeatedly
or (b) their trips are especially short.
Conversely, some individuals travel little but
cover a large area.

The tendency to traverse the same streets
repeatedly can be seen by examining the con-
centration of visits across segments. Figure
6(c) shows concentration curves for two con-
trasting individuals, both of whom visit a
similar number of segments overall. For
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individual C, the 20% most-visited segments
account for 80% of all visits, but for individ-
ual D this figure is only 60%. Again, this
concentration can be summarised for each
individual by calculating the Gini coefficient
(individuals C and D have values 0.7 and
0.49 respectively) — see Figure 6(d). Again,
the wide degree of variation across individu-
als is apparent: some repeatedly visit the
same segments, while others show a more
diverse pattern of visits.

Discussion

This article introduces novel methods for
analysing spatio-temporal tracking data col-
lected via smartphones with the purpose of
exploring the extent to which foundational,
but as yet untested, assumptions within envi-
ronmental criminology are observed in real-
world behaviour. We provide systematic and
replicable methods for identifying and quan-
tifying several key elements of the depiction
of routine movement which underpins the
vast majority of crime and place research.
The findings from our sample of young
people in urban Australia demonstrate that,
while the almost ubiquitous and implicitly
homogenous depiction of routine movement
— based on Cohen and Felson’s (1979) rou-
tine activity approach and Brantingham and
Brantingham’s (1981) geometry of crime and
crime pattern theory — offers considerable
face validity, it may mask important nuan-
ces. Our results provide empirical granular-
ity to the concept of the activity space by
showing that: (i) some nodes are visited
more than others, (i) inter-node travel
accounts for only a fraction of trips, (iii)
travel only occurs between some node-pairs
and (iv) some paths are traversed more fre-
quently than others. Collectively, these find-
ings suggest that routine activity spaces are
not a flat plane of uniform activity, but
rather a prioritised hierarchy of locations
and routes. Moreover, there is also

considerable variation in key features — the
number of nodes, and the extent of concen-
tration — between individuals, even within
our relatively small and homogeneous sam-
ple. Such variation, we suggest, may well be
reconcilable with key criminological con-
structs. To illustrate, drawing on Lemieux
and Felson (2012) and Ruiter and Bernasco
(2018), we might hypothesise that the risk of
victimisation increases with time spent away
from activity nodes, particularly in settings
with low guardianship, such as public spaces
or while on foot. While our data do not dis-
tinguish between such contexts or travel
modes, this framing suggests that there may
be considerable variability in victimisation
risk across our small sample of participants.
Similarly, following Brantingham and
Brantingham (1984), we might expect offen-
ders to favour targets located along familiar
routes. This could imply that individuals
with more diverse travel patterns contribute
to a broader spatial distribution of potential
target areas, though such interpretations
remain necessarily tentative given the nature
of our current data, which do not include
measures of victimisation or offending.
Aside from their implications for under-
standing crime, our findings unveil new
insights into the structure of urban life. Our
approach of disaggregating routine move-
ments into their constituent components has
shown the micro-level patterns which reflect
how urban spaces are experienced by indi-
viduals. These have clear implications for
understanding the character of particular
places: their social composition results from
the superposition of diverse individual activ-
ity spaces, each reflecting a lifestyle
embedded in space. Our findings show the
complexity of these patterns, while also
offering a means to further reconcile them
with other urban phenomena. The granular-
ity of the analysis enables the exploration of
how activities might intersect in different
types of places — such as residential areas,
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transit hubs, or recreational zones — and
future work might focus on this by taking a
place-centred, rather than individual-
centred, approach.

One key challenge to our study like any
other that relies on passively collected data
is self-selection bias, whereby individuals
willing to share geolocation information
may differ systematically from those who do
not — for example, in terms of age, digital lit-
eracy, or attitudes toward privacy. These
differences may affect observed patterns of
routine activity and limit the extent to which
findings can be generalised. Recognising this
limitation is crucial, particularly when find-
ings are used to inform policy or interven-
tion design. Future research should explore
how to characterise and, where possible, cor-
rect for this bias — whether through design,
analytic techniques, or by incorporating
complementary data sources.

Thus, while our results serve primarily to
illustrate our proposed analytical approach
and may not generalise beyond this context,
we argue that these types of data and the
methods introduced here for analysing them
present unprecedented opportunities for
advancing both theoretical and empirical
efforts within environmental criminology.
This research is beyond the reach of this arti-
cle, but we hope that the tools provided here
enable or inspire these efforts to enhance the
specificity with which the relationship
between human movement and crime can be
understood.

Opportunities

First, fine-grained space-time data, such as
those analysed here, allow for empirical tests
of hypotheses that have seldom, if ever, been
directly tested. Combining measures of key
theoretical concepts with measures of crime
would enable subsequent tests of theory pre-
viously inaccessible to empirical methods.
To illustrate, the proposition that crimes are

more likely to occur along individuals’ rou-
tine paths has remained a principal assump-
tion in the geometry of crime and crime
pattern theory for over 40 years. To the best
of the authors’ knowledge, however, this
assumption has never been directly tested.
Large-scale observation of these paths, such
as demonstrated here, enables such a test.

By extension, the ability to measure these
key constructs promotes the articulation of
hypotheses with greater specificity. Many
common hypotheses are expressed only in
general terms, such as the assertion that
individuals usually commit crimes — and are
victimised — within their activity spaces.
Such statements can be made much more
specific, by expressing the proposed relation-
ship between risk and key quantities, such as
how regularly or recently a place is visited.
How much more likely is crime in a place
that is visited more frequently than one that
is visited less frequently, for example?

Similarly the availability of individual
data that are not only spatially but also tem-
porally fine-grained makes it possible to
engage with the temporal aspects of
offender-target convergences. With a few
exceptions (e.g. van Sleeuwen et al., 2021),
most prior research has focussed on
offender-target convergence in space, and
has ignored that crime requires motivated
offenders and unguarded attractive targets
to converge both in space and in time.

Core theories of environmental criminol-
ogy may also be extended by linking space-
time data to other aspects of human activity.
Examples include activity node functions
(e.g. home, work, leisure), activity types (e.g.
socialising, working), travel modes (e.g.
walking, driving), social contexts (e.g. alone,
with peers) and physical states (e.g. heart
rate, intoxication). Combining these mea-
sures would enable the formulation of new
hypotheses linking situational and contex-
tual factors. Here, a trade-off exists between
the ease with which detailed mobility data
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can be passively collected via smartphones,
and the inability of such data to capture
contextual information, such as the nature
of interactions and specific activities partici-
pants are engaged in. We believe there is
considerable potential in combining this
approach with traditional means such as
space-time budgets, or indeed in exploring
the passive collection of such data (e.g. via
Bluetooth). Furthermore, intelligence data
collected by police forces could provide use-
ful contextual information about offenders’
interactions and behaviours around activity
nodes (Curtis-Ham et al., 2024).

Practical implications

Finally, one of the key goals in undertaking
this study was to provide a prototype analy-
tical framework which could be used by oth-
ers. To this end, all program code required
to replicate the analyses detailed above can
be found at https://github.com/tobydavies/
MakingEnvCrimSmarter. Importantly, while
the approach was applied to data collected
via the Sense.DAT app, it was designed with
minimal data requirements — requiring only
coordinates, timestamps and unique partici-
pant identifiers. It should therefore also be
applicable to data collected from other
sources, such as other phone tracking appli-
cations, mobile service providers, and
Google location history or equivalents.
While it may be necessary to tailor the imple-
mentation (e.g. by adjusting parameters), this
means our approach should be replicable
across settings.

Challenges

Despite their potential value, the nature of
both the data and the behaviour under study
do present significant challenges. The first of
these relate to privacy. While mobility data
do not include personal characteristics, indi-
viduals’ spatial patterns are highly distinctive

and therefore present risks of deductive re-
identification (De Montjoye et al., 2013). As
a result of these concerns, local lawmakers
and ethical committees may have good rea-
sons to block this type of data collection, or
prospective participants may be unwilling to
enrol. Furthermore, the sensitivity of loca-
tion data limits opportunities for engaging
with open science practices, notably sharing
research data.

One possible mitigation is to modify the
data to enhance privacy (e.g. by adding
noise, or through spatial aggregation); how-
ever, such approaches compromise the infor-
mational value of data. Another potential
solution is the firewalling of individual-level
data from researchers. In this model,
researchers never directly access individual-
level traces; instead, analytical code is
deployed to a secure platform which only
returns aggregate outputs. Such approaches
do present challenges in terms of model test-
ing and validation, but they offer a viable
means to derive insights from these data
while reducing privacy concerns.

Finally, perhaps the most serious chal-
lenge for the data analysed here is relating it
directly to criminal behaviour and victimisa-
tion. Both victimisation and offending are
rare, and the latter is usually covert; only
two studies have ever linked individuals’
fine-grained spatio-temporal behaviour to
their criminal behaviour (Griffiths et al.,
2017; Rossmo et al., 2012). While our
approach cannot directly overcome this
challenge, a key principle of the routine
activities approach is that there is no funda-
mental distinction between the activities of
offenders and non-offenders — indeed, offen-
ders spend most of their time not offending
— and so general insights should still be
applicable for wunderstanding offending.
These may be of value even without a direct
situational link between movement data and
crime data: previous studies have demon-
strated that space-time behaviour captured
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via STB can predict future offending loca-
tions (Bernasco, 2019). The overt nature of
victimisation means that it is more straight-
forward: data can be used to examine the
influence of mobility on whether, as well as
where and when, victimisation occurs
(Ruiter and Bernasco, 2018).

More generally, we hope that the wide-
spread use of smartphones and the ability to
develop new specific measures from the data
they routinely collect will encourage research-
ers to devise studies that capture new and
powerful insights in scientifically and ethi-
cally robust ways. Perhaps even making envi-
ronmental criminology a little smarter.
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Notes

1. For a comprehensive review of the STB meth-
odology, see Hoeben et al. (2014).

2. Another important advantage of the STB is
that it also records activities and the presence
of others, which the geotracking methods
used in the current study are unable to do.

3. During this period, a number of events took
place that may have influenced activity pat-
terns, including several major concerts and
sports fixtures, as well as the landfall of
Cyclone Debbie on 28 March, which brought
heavy rainfall and localised disruption.

4. It is acknowledged that this analysis assumes
participants typically carry their phones;
occasions where devices are left behind (e.g.
at home, in vehicles or at certain venues) may
influence the detection and interpretation of
stops.

5. Strictly, we apply the ceiling function after
dividing the number of observed days by visi-
t_regularity: with a regularity of four days, a
participant observed for 25 days would there-
fore be required to have stopped seven times.

6. The Gini coefficient is a measure of statistical
dispersion representing inequality within a
distribution. It is calculated as
G=\frac{\sum_ {i=1}"{n}\sum_{j = 1}"{
n}|x_i — x_j|} {2n"2 \bar{x}}, where x_i and
x_j are individual values in the distribution, n
is the number of observations, and \bar{x} is
the mean value. To provide context for these
values, in fields such as economics, where the
Gini coefficient is used to measure income
inequality, values of 0.2-0.3 correspond to
relative equality, 0.4-0.5 are regarded as indi-
cative of high inequality, and values exceed-
ing 0.5 suggest severe disparity. Applied here
to the distribution of time spent across activ-
ity nodes, similar magnitudes indicate that a
large share of time is concentrated in a rela-
tively small number of locations rather than
being evenly spread.
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