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A B S T R A C T

The purpose of this thesis is to explore the potential utility of Geocoded
Social Network Service datasets, especially geolocated Twitter, to help
understand criminal activities in urban settings. In particular, the thesis
is concerned with how these datasets can advance understanding of
crime events in their spatiotemporal context. Such data has potential
to reveal usually unobserved underlying conditions of crime events as
a complementary source of knowledge for advancing the development
of crime prevention strategies. In pursuit of these goals, the thesis
comprises three case studies conducted using data for New York
City in the United States. It examines: 1) Mobile dynamic population
patterns 2) the emotion patterns of the mobile population, and 3) the
attribute patterns of the mobile population (i.e. online-traits such as
type and topic of discussion). With the combined results from the three
case studies, this thesis explores how adding this new type of data
improves existing knowledge of crime patterns. Results demonstrated
that tracking spatial-temporal fluctuations of populations, along with
their emotions and concerns has potential for explaining patterns
across different crime types.

iii



I M PA C T S TAT E M E N T

In this thesis, the potential utility of georeferenced posts collected
from social media especially from Twitter data has been studied so
as to offer a potential new method of crime prediction. The findings
from the current study would be useful to a number of stakeholders
especially to academic and political groups and police for setting
future directions of crime research and building more effective and
fair/less-biased policing strategies.

The contents of the thesis offer the potential for future conversations
with stakeholders on a number of topics. The literature review of
current research highlights that there is a lack of empirical studies
that reflect a firm theoretical argument for using social media data
to study crime. As emphasised in the thesis, most existing research
has not fully contemplated the conceptual framework linking certain
behaviours and criminal situations and has been limited in suggest-
ing computational methods or presenting statistical evidence. In past
analytic research in other fields, big data use has revealed some crit-
ical problems when analysed without careful consideration of how
it represents social phenomena and theory-based hypothesis. Taking
lessons from these past mistakes, the thesis suggests a criminological
framework for how social media data can help understand and poten-
tially predict crime. As the first study examines the utility of social
media data for a series of distinct ’crime situations’ by crime types and
place contexts, future research could be developed based upon the
findings of current research for more in-depth study for each crime
type. For example, presence of others has a differential relationship
with assault and burglary, which depends upon the specific place con-
text. Unlike traditional analysis which often relies on the demographic
and socioeconomic characteristics of population to predict crime risk,
this study employs new data which is ageless, financialess, raceless,
and genderless and represents thoughts and emotions of population.
This thesis suggests that approaches to identifying and preventing
crime strategies could be expanded and modified through the use
of social media data. The second and third studies demonstrate that
social media data can indicate the situational atmosphere of place-time
locations in terms of emotions and points of view of present popula-
tions. These have varying, sometimes significant, relationships with
crime and might lead to new types of mitigation and intervention.
This thesis provides the first comprehensive study on the potential
utility of social media data with the potential for multiple academic
publications. The thesis identifies a variety of avenues for future crime
prediction research to expand on these findings.
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1
I N T R O D U C T I O N

1.1 thesis summary

The purpose of this thesis is to explore the potential utility of Geo-
coded Social Network Service datasets, specifically geolocated Twitter,
to help understand criminal activities in urban settings. In particular,
the thesis is concerned with how these data sets can advance un-
derstanding of crime events in their spatiotemporal context and also
reveal unobserved underlying conditions of the events as a comple-
mentary source of crime knowledge for advancing the development
of crime prevention strategies.

The structure and content of the thesis are as follows. Chapter 1

provides a general overview of the aims of the thesis and the structure
of empirical studies proposed. Chapter 2 provides theoretical founda-
tion by reviewing the relevant place-based literature and Chapter 3

lays out the potential of using big data and the requisite data science
approaches for criminological research. Chapter 4 outlines the meth-
odology adopted for the thesis. Chapter 5 to 7 contains three empirical
studies and Chapter 8 concludes with discussions which identify po-
tential future work and recommendations building on findings from
the preceding empirical chapters.

1.2 thesis aims and theoretical framework

To be clear, as an exploratory study to gain better understanding of
the new data and its utility, the geolocated contents of Twitter posts
were explored within the perspective of environmental criminology,
especially routine activity theory, which emphasises the role of situ-
ations in the creation of opportunities for a crime to occur (Cohen and
Felson, 1979). As the theory conceptualised, criminal activities are seen
here as the consequence of interactions between motivated offenders,

1
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suitable targets and capable guardians in space and time. Crucially,
previous data used in empirical studies of the theory has been unable
to fully incorporate the dynamic interactions of these central actors.
Geolocated Twitter data, however, which was employed in this thesis,
has the potential to provide a measure that captures the convergence
of potential offenders, targets and third parties as guardians in space
and time.

As a consequence of peoples’ daily routine activities, active popula-
tion patterns change dramatically in urban areas throughout the day.
Population activity patterns, which include travel from home to work,
or engagement in leisure activities, cannot be precisely measured by
traditional population census data. The routine activity perspective,
however, suggests that crime results from the convergence in space
and time of the actors described above. Consequently, estimating how
population movements vary over time and by location is crucial in
crime analysis and testing theories of crime pattern formation. Fur-
thermore, it is not just important where people are but what kinds of
people are present. Therefore, an accurate estimation of the character-
istics of crime-prone or crime-vulnerable groups in a given place is
also important, since different types of crime will be associated with
different groups of people due to inherent differences in underlying
causal mechanisms of crimes.

Georeferenced data from social media contains a vast amount of
spatiotemporal information which has not been exploited in previous
crime risk measurement exercises. Although there were some efforts to
understand crimes using the geolocated social media messages, they
were limited to explore the relationship between the volume of crimes
and mobile populations measured from the messages and the findings
were not robust. (see Malleson and Andresen, 2015b and discussions
in Chapter 3 for more detail). Therefore, the study seeks to provide
the flexibility to future explore area - which currently is a relatively
new and limited information available - to crime scientists. Through
social media, individuals leave behind footprints of their movement
fluctuations, but in addition traces of their thinking, personality and
identity- they broadcast emotions, and activities using an informal
language which is closer to natural speech than many formally written
forms. By virtue of such characteristics of the data, as is evident
from the review that follows, it has recently been utilised in various
academic fields to mine people’s self-expressed emotions, and to
provide an alternative estimate of the ambient population to the census.
In this vein, this thesis employed crowd-sourced data from geotagged
social media posts in an attempt to generate a better understanding of
crime problems.

One of the major benefits of geolocated messages from social media
is that they enable us to develop a better understanding of the crim-
inal atmosphere at given places. As noted in Elijah Anderson (1999)’s
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ethnographic works, all bars are not risky places even though bars are
well known as a crime generator in many studies (Anderson, 1999).
Bars tend to be located at places which share similar characteristics
in terms of social economic status, and are typically surrounded by
similar physical urban landscapes. However, whether a bar is a risky
location or not depends on what types of groups occupy the place,
how they become aware of them, and what interactions they have in
them. Places have their own ‘code’. The code is shared by the locals,
the place occupiers, and sets a threshold of behaviours which are
allowed in the place. Such codes, however, have not been adequately
captured by quantitative measurement approaches applied in the field
of crime science so far. This is a significant limitation of the research
and may explain why there exist inconsistent findings across studies.
Beyond conceiving of Twitter as a different form of online commu-
nication platform, it should also be considered as a new lens through
which to increase understanding of dynamic social activities and re-
sponses to criminogenic settings by offenders and victims. Collectively,
geolocated Twitter data has shown a lot of promise (Jansen et al., 2009;
Lohr, 2012) as an alternative to traditional data sources and could be
of use in understanding the conditions under which crime takes place.

1.3 structure of empirical research

The thesis focuses on how geolocated messages can be used to 1)
model spatio-temporal patterns of motivated offenders, suitable tar-
gets and capable guardians as core elements for criminal opportunity
identification; and, 2) examine how georeferenced social media data
could improve effective crime preventive interventions by suggesting
a new type of surveillance and prediction method to the police based
on the attributes of social media messages.

In pursuit of these goals, the thesis comprises three case studies con-
ducted using data for New York City in the United States. It examines:
1) Mobile population patterns, 2) Mobile population emotion patterns,
and 3) mobile population attribute patterns of geolocated Twitter activ-
ity (i.e. online-traits especially shown interests and online-activities)
(Figure 1).

Mobile ambient population patterns
The relationship between crime patterns and variation in the size of

the mobile population at particular locations, estimated using geore-
ferenced social media data, is the focus of the first study. It explores
the possibility of using geolocated data to estimate mobile populations
and to explore their association with the clustering of crime in space
and time. To understand the relationship, the movement and fluctu-
ation of estimated ambient population derived from social media data
is analysed spatiotemporally. In other words, the relationship between
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the number of crime events and Tweets in each unit is examined to test
the possibility of the data as an appropriate denominator for crime
opportunity.

Mobile population emotion patterns
Taking this approach further, rather than looking at variation in the

mere presence of people in an area, the second study essentially is
concerned with variation in the ‘emotions’ of the mobile population
across time and location. It seeks to determine whether criminal atmo-
sphere could be captured by emotions of social media texts. To answer
this, the emotional patterns associated with texts are compared with
crime patterns in space and time.

Mobile population attribute patterns
The third case study explores the relationship between levels of

social cohesion and crime based on activities in online environments.
To explain, by analysing the texts of the microblog messages, types of
topic words or online behaviours associated with crime behaviours and
crime locations are examined. A tweet has a large spectrum of topics,
including stories about daily life and social and political issues. So far,
researchers have found that some people use Twitter for narcissistic
purposes while others use it for showing their social and political
interests (Bakliwal et al., 2013; Parmelee, 2013). The third empirical
chapter takes a more in-depth look at the content of Tweets. The
messages are analysed according to online-trait categories associated
with personality and identity of the mobile population and compared
with crime patterns.

With the combined results from the three case studies, the aim of
the thesis is to explore how adding this new type of data improves
existing knowledge of crime patterns. To date, where models have
incorporated contextual data on neighbourhood characteristics, they
have been simply based on the static residential populations and phys-
ical characteristics or the urban landscape. The aim of the thesis would
be to use dynamic mobile population activities and the attributes of
them in crime forecasting approaches.
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Figure 1: Thesis flowchart



2
T H E O R E T I C A L F R A M E W O R K

The rationale of this thesis builds upon a particular theoretical per-
spective, the so-called environmental criminology. This chapter begins
by detailing theories of neighbourhood effects and situational oppor-
tunities. It then goes on to discuss the challenge and promise of the
integration of the two perspectives and finally proposes a theoretical
model for the thesis. Note that this chapter provides a general frame-
work for the empirical chapters and motivates the use of Twitter data
in studying social issues. However, each of the three contributions
also require a more specific review of the salient literature which, for
convenience, are provided within the chapters themselves.

2.1 crime and placenality

That crime is concentrated at very small places is now uncontested (see
Johnson, 2010). Although the statement has been repeatedly supported
in the past empirical research, traditional criminologists obstinately
hold the idea that ‘the density of offenders explains crime density’
(Weisburd et al., 2016. p.42). While researchers interested in the char-
acteristics of individuals study why some people commit crime and
others do not, place-based theorists ask instead why some places and
neighbourhoods have a high crime rate and others do not. In response
to this question, routine activity theory provides a very straightfor-
ward and simple formulation, ‘a different distribution of criminal
opportunity makes a different crime rate’ (Cohen and Felson, 1979),
while social disorganisation theory proposes ‘a difference of struc-
tural and cultural characteristics of places makes a different level of
deviance’ (Shaw and McKay, 1942). Although these two approaches
propose different casual mechanisms and consider different theoret-

6
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ical constructs, both recognise that the characteristics of places matter
and can that different compositions can make for radically different
criminal atmospheres of places.

With respect to routine activity theory, Lawrence Cohen and Marcus
Felson (1979) stated that “unlike many criminological inquires, we do
not examine why individuals or groups are inclined criminally, but
rather we take criminal inclination as given and examine the manner in
which the spatio-temporal organisation of social activities helps people
to translate their criminal inclinations into action”(Cohen and Felson,
1979, p.589). Similarly, Charis Kubrin and Ronald Weitzer (2003) note
that “unlike theories centred on ‘kind of people’ explanations for crime,
social disorganisation theory focuses on the effects of ‘kind of places’ –
specifically, different types of neighbourhoods – in creating conditions
of favourable or unfavourable to crime” (Kubrin and Weitzer, 2003,
p.374).

That is, both perspectives explain the occurrence of crime events as
the result of the interactions that occur as a function of human ecolo-
gical processes. As both theories locate their focus in the characteristics
of places, and nothing in either theory contradicts the mechanisms
invoked by the other (Weisburd et al., 2016), they are compatible and,
indeed, mutually supportive. It is perhaps surprising then, that re-
search that seeks to integrate the two approaches is the minority. The
following sections now review literature that seek to explain spatial
patterns of crime.

2.2 neighbourhood influences on crime

2.2.1 Juvenile delinquency and urban area

The search for the root causes of crime in neighbourhood characterist-
ics has enjoyed a long tradition within criminological and sociological
research. Research concerned with social disorganisation focuses on
“neighbourhood effects” and how they influence crime and human
behaviour more generally (Markowitz et al., 2001; Browing et al., 2004;
Harcourt and Ludwig, 2006). This perspective was initially discussed
by Shaw and McKay (1942) in their book, Juvenile delinquency and
urban area. Clifford Shaw and Henry McKay (1942) considered the
production of delinquency and focused on the residential location of
delinquents, rather than the location at which they offended. They
argued that the structural characteristics of neighbourhoods, such as
low social economic status, the mobility of residents, racial and eth-
nic heterogeneity, family disruption, and urbanisation, lead to social
disorganisation at neighbourhood level that eventually leads to high
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crime rates (Shaw and McKay, 1942). They saw structural problems
in a community as weakening the ability of residents to provide the
informal control through which areas are regulated by those who live
in them. Based on their theory, ‘social disorganisation’ occurs when a
community does not share common values, and/or is unable to regu-
late order to attain those goals which are shared by the community
(Bursik, 1988; Sampson, Raudenbush, and Earls, 1997).

According to Shaw and McKay (1942), the zone in transition is
characterised by high rates of poverty, poor living conditions, and
single parents and also has more crimes, issues of drug, alcohol,
abortion, and prostitution (see Burgess, 1928). They said the zones
are occupied with people who fail to adjust themselves and were also
called “Ghetto” or “Slum” (Burgess, 1928; Shaw and McKay, 1942).

In the truly disadvantage, William Julius Wilson (1987) proposed
that structurally disadvantaged areas create the truly disadvantaged
underclass (Wilson, 1987). He said hot spots of crime – small areas with
an unusually high crime rate - are characterised by the concentration
of multiple layers of disadvantage. Between the late 1960’s and the
1980’s of Chicago, after the middle class moved out from city centres,
the centres experienced impoverished conditions and decline (Wilson,
1987). According to Wilson (1987), the area was eventually populated
by truly disadvantaged classes for whom unemployment, illegitimacy,
single parenthood, and violence are typical characteristics.

Land et al. (1990) empirically supported Wilson’s theory (1987), re-
searching social isolation in areas of concentrated poverty, from 1970’s
to 1980’s in large cities in America. They found that concentration
effects of negative social indicators – per cent poverty, per cent black,
and per cent of children under 18 not living with both parents - are
noticeably associated with the economic deprivation indicators that
are strongly correlated to homicide crimes (Land et al., 1990). They all
accentuated that the individuals in isolated and disadvantaged areas
are not abnormal biologically and mentally. Instead, the behaviours
including criminal activities are the obviously anticipated results of
the abnormal environment they have to cope with.

2.2.2 Collective efficacy and social cohesion

Beyond a traditional fixation on the influence of concentrated disad-
vantage, some researchers have sought to more explicitly articulate
the mechanism through which social disorganisation might lead to
crime (Bursik, 1988; Bursik and Grasmik, 1993; Sampson et al., 1999).
They argued that a neighbourhood is not only a physical space where
people live, but a living organism in which community members con-
nect and interact. Robert Bursik and Harold Grasmick (1993) stressed
that Shaw and McKay did not explicate the causal link between social
disorganisation and crime. They noted that while social disorganisa-
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tion might be associated with crime, the mechanism through which
social disorganisation influences crime is informal social control. That
is, concentrated disadvantage per se does not cause crime, but it may
create conditions that impede the informal social control through
which residents might ordinarily influence the behaviour of those in
the neighbourhood.

Likewise, Sampson and Groves (1989) note that the indicators of
residential mobility, heterogeneity, and poverty used in Shaw and
McKay’s work were used only to measure the level of disorganisation,
and there was no explanation as to how these factors might influence
crime rates. In their study, Sampson and Groves (1989) sought to artic-
ulate these mechanisms more explicitly and to test their association
with crime empirically. Using data from the British Crime Survey for
238 electoral wards, they constructed measures of social control using
data on local friendship networks, organisational participation, and
the supervision of teenager peer groups. Using data on residential
mobility, class and family disorganisation they derived measures of
exogenous factors that might influence social disorganisation. They
then correlated these variables with area-based crimes rates. They
found a stronger relationship between crime rates and the measures
of informal social control than the exogenous factors (Sampson and
Groves, 1989).

While the early research focused on relatively static features of
neighbourhood composition, more recent work has focused on the
social processes through which neighbourhood structure might in-
fluence the formation of and sustainability of social ties. The collect-
ive efficacy framework of Sampson and his colleagues suggests that
neighbourhood compositions influences the ability of residents of a
neighbourhood to act collectively to intervene to deter crime. They
elucidate collective efficacy as the reciprocal belief that residents can
control the likelihood of undesirable behaviours effectively (Sampson,
Morenoff, and Earls, 1999).

They also found collective efficacy can be gained through intergen-
erational networks, mutually transferral advices, information about
child rearing, and, expectations for the joint informal control (Sampson,
Morenoff, and Earls, 1999). According to this framework, crime occurs
in a neighbourhood as a response to a lack of social control because
criminals perceive the neighbourhood to be one in which crime can
be committed with little risk (Sampson and Groves, 1989; Wilson and
Kelling, 1982; Morenoff et al., 2001). A considerable body of empirical
research provides support for these ideas, showing that community
organisation (Sampson, 1988), residential interaction (Sampson, 1991),
the size of friendship networks (Sampson and Groves, 1989), network
stability (Bursik and Grasmick, 1993), and the extent of social ties
(Warner and Roundtree, 1997) are negatively associated with neigh-
bourhood crime rates.
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2.2.3 Neighbourhood cultural context

However, these findings are not unequivocal. For example, studies
have found that depending on the culture and context of a neigh-
bourhood, social interactions and social ties may or may not lead to
effective informal social control (Browning et al., 2004; St.Jean, 2007).
Mary Pattillo-McCoy (1999) argues in her book, Black Picket Fences
that social ties can impede efforts to construct social control in certain
community contexts. According to Pattilo-McCoy (1999), even when
a community has strong social cohesion, it could experience high
crime rates because social ties play not only a surveillance role but
also bring negative repercussion effects depending on neighbourhood
cultural context (Pattillo-McCoy, 1999). In another study, Bellair (1997)
argues that the connection between social ties and neighbourhood
crime rates is far from clear since neighbourhoods can exhibit a high
level of control ability without social ties (Bellair, 1997). He also points
out that weak (rather than strong) social ties can reduce crime rates
because they limit the interaction between community members and
hence opportunities for confrontation (Bellair, 1997).

Browning et al. (2004) found high levels of community networking
can reduce the regularity effect of collective efficacy in violent crime.
In other words, neighbourhoods with strong social ties could have
more crimes because strong social ties reduce their ability to regulate
and control law-violating activities as they have a very tolerant view
towards their neighbours (Browning et al. 2004). St.Jean (2007) notes
that stability is not always good and mobility is not always bad (St.
Jean, 2007). They both argue that neighbourhoods with a very low
level of social ties could have a very low crime rate if residents trust
each other and share similar expectations. In contrast, neighbourhoods
with strong social ties could have very high rates of crime if residents
do not share the same willingness to intervene for the common good
because they do not trust one another (Warner and Rountree, 1997;
Pattillo-McCoy, 1999; Browning et al., 2004; St.Jean, 2007).

In summary, the studies reviewed suggest that neighbourhood com-
position can influence the likelihood that residents will share common
values, form social ties and act collectively to deter crime. However it
appears that the neighbourhood composition including the social and
physical structures of neighbourhoods do not solely determine the
level of social control or resident’s willingness to intervene, because the
culture and context of places influence the formation and quality of ties
that may form (Sampson et al. 1997, Kurbin and Weitzer, 2003; St.Jean,
2007). More importantly, the studies discussed suggest that these cul-
tural contexts do not always match with prevalent measurements of
social disorganisation such as demographic and socioeconomic status
of neighbourhoods.
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2.3 criminogenic opportunities and crime

Rather than explaining how criminality is shaped, opportunity the-
orists seek to answer long-standing questions such as; why does an
individual choose to commit crime in a specific place and at specific
time but not in other places and at other times? How might urban
form shape crime patterns? To answer such questions, they take an
ecological perspective which seeks to explain how the environmental
backcloth (the urban fabric of towns and cities) and everyday activity
might create opportunities for crime at particular locations at particu-
lar times (Brantingham and Brantingham, 1993). A number of related
theories or perspectives have been formulated including routine activ-
ity theory (Cohen and Felson, 1979; Felson, 1987; Sherman et al., 1989),
the rational choice perspective (Clarke and Cornish, 1985; Cornish
and Clarke, 1986; Brantingham and Brantingham, 1978), crime pattern
theory (Brantingham and Brantingham, 1991; 1993), lifestyle theory
(Hindelang et al., 1978) and various crime prevention strategies and
approaches (see Jeffery, 1971; Newman, 1972; Clarke, 1980; Willson
and Kelling, 1982).

2.3.1 Routine activity theory

Cohen and Felson (1979) consider crime opportunities to emerge as a
result of the patterns of activity that people engage in during everyday
life. When people are at work their homes are left unattended, and
hence vulnerable to burglary, while they travel from one place to the
next they are exposed to the risk of crime against themselves (Cohen
and Felson, 1979). As such, Cohen and Felson (1979) state “structural
changes in routine activity patterns can influence crime rates by affect-
ing the convergence in space and time of the three minimal elements
of direct-contact predatory violation; motivated offenders, suitable
targets, and the absence of capable guardians”(Cohen and Felson,
1979, p.589). This suggests that three key factors of crime events and
three key concepts; offenders, targets, and guardians; and structural
changes, space and time, and direct contact.

Who are offenders, targets, and guardians? How have they been
conceptualised and operationalised in the previous works? How do
routine activities vary at individual-level routine and aggregate-level
routine? How do structural changes influence routine activities? In
this section, the answers of these questions will be discussed.

In their original paper, Cohen and Felson (1979) emphasise the idea
that ‘an opportunity makes a crime’ (Cohen and Felson, 1979). Crime
does not happen when there is a willing offender alone. Crime can
only happen when there is an opportunity- when a willing offender
encounters a suitable target at a specific location in the absence of a
capable guardian (Cohen and Felson, 1979). According to the theory,
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the emergence of opportunities varies by space and time, and hence
crime opportunities are not ubiquitous and do not exist everywhere at
all times. Rather, crime opportunities vary across urban settings over
time. From this perspective, a key question concerns the way in which
structural factors influence individuals’ day-to-day routine activities,
which in turn shape the likely convergence of people at particular
places at particular times, which in turn influences the distribution of
crime opportunity.

2.3.2 Human ecology and routine activities

Cohen and Felson’s idea developed from studies of human ecology,
and particularly the work of Hawley (1950). Hawley (1950) did not
conceive of places as spatially bounded territories. Rather, he con-
sidered a place as ‘an organisation of symbiotic and communalistic
relationships’ where there is mutual dependence among functionally
dissimilar and similar organisms (Hawley, 1950). Cohen and Felson
applied these concepts in the context of crime to explain crime events
as being a natural by-product of the “mutual relationships between
predator and prey affecting the sustenance of both” (Felson and Co-
hen, 1980). Putting it in a criminological context, they interpreted the
ideas in the following way ‘routine activities which feed upon other
routine activities’ or ‘illegal activities must feed upon legal activities’
(Madero-Hernandez and Fisher, 2012).

In his later work, Felson (2006) discussed and explained symbiosis
as ‘living together’ and crime symbiosis as “providing illicit benefit
to at least one of them” (Felson, 2006, p.163-164). Felson argues crime
as a system cannot survive by itself; burglars share information on-
their targets, a legal prostitute sells illegal drugs, and drug traders
interplay within legal chains like bars, liquor stores, homeless centres,
and convenient stores. Simply put, even though a criminal and their
counterpart (the victim) may not have any direct connectivity, they
could influence each other because crime is always built on complex
chains of causation (Felson, 2006). In a crime mutualism perspective,
Felson explains that mutualism refers to the ‘net benefit’ that results
from interactions such as those that take place between a prostitute
and a john, and, a drug seller and a drug dealer (Felson, 2006). Here,
the criminals reciprocally exchange their resources against mutual en-
emies together and, spread and reproduce criminal activities as both
parties benefit. Similarly, stolen goods should re-sale with cooperation
with other criminals, offenders rely on each other to prevent them-
selves from being arrested, and prostitutes need a legitimate places to
find customers (Felson, 2006). In all, criminals cannot be alone. They
can only thrive with and exist through mutual assistance.

Another fundamental influence from Hawley’s theoretical concept
on routine activity theory concerns the structure of human routines
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over space and time. Hawley (1950) emphasised three temporal com-
ponents - rhythm, tempo, and timing. Felson and Cohen (1980) employ
these components to explain the temporal structure of routine activ-
ities. They argue that daily patterns of human activity are shaped
in rhythm, tempo, and timing; “the regular periodicity with which
events occur (rhythm), the number of events per unit of time (tempo),
and the coordination among different activities which are more or
less interdependent (timing)” (Felson and Cohen, 1980, p.391). By
describing the activity of offenders, targets, and guardians these com-
ponents contribute to our understanding of the frequency with which
conditions converge to produce opportunities for crime (see Cohen
and Felson, 1979, p.590).

2.3.3 Regular routines in society structure

As discussed above, according to Routine activity theory, crime pat-
terns emerge as a by-product of regular routines (Clarke and Felson,
1993). Cohen and Felson (1979) define routine activities as “any re-
current and prevalent activities which provide for basic population
and individual needs, whatever their biological or cultural origin”
(Cohen and Felson, 1979, p.593). In criminology, routine activity has
broadly been defined in terms of generalised social activities that
occur at home, at work or in the pursuit of leisure activities away from
home. A notable characteristic of individuals’ activities concerns their
spatiotemporal repetition. Activities are not random and have a clear
cycle within dynamic spatiotemporal dimensions. Each individual en-
gages in a layer of activity and the accumulated layers create concrete
situational patterns of activity in time and space which can be thought
of as ‘routines of place’ and ‘routines of time’. Across hourly, daily,
weekly, monthly, and yearly routines, people are constantly exposed
to, interact with, and respond to the situations they are confronted
with. If the situations they encounter are judged as safe to commit
crime, motivated criminals may spontaneously offend. Therefore, if
regularities are identified in individual routines, and accumulated
routines are found to reveal underlying crime-prone situations, crime
patterns may consequently be predictable. As Jeffrey Brantingham, an
anthropologist, said, “The naysayers want you to believe that humans
are too complex and too random—that this sort of math can’t be
done... but humans are not nearly as random as we think. In a sense,
crime is just a physical process, and if you can explain how offenders
move and how they mix with their victims, you can understand an
incredible amount.”(Perry et al., 2013). Put differently, understanding
patternised routine and situations created by accumulated routines at
place and time is key to explaining crime concentration (Weisburd et
al., 2016).
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As outlined above, understanding the factors that shape routine
activities may provide valuable insight into crime pattern formation.
Researchers thus began to pay particular attention to rethinking in-
dividuals’ routine activities and the influential factors on it both con-
ceptually and practically. Some of them focused on activity levels, at
a micro-situational or a macro-context level (Felson, 2002), whereas
others were interested in expected criminal routines such as where
they live and where and when they commit crime (Brantingham and
Brantingham, 1984). To sum up, routine activity theory provides an
ecological framework for thinking about how the activities of motiv-
ated offenders, potential targets and guardians shape the opportunity
for crime over space and time, how changes to peoples’ routine activ-
ities might be influenced by changes of social conditions, and what
variations in space and time could shape routine activities of offenders,
victims, and guardians.

2.4 integration of theories

While traditional criminology has (at least historically) primarily dealt
with criminal motivations, routine activity theory and social disorgan-
isation theory seek to understand the root causes of crime in terms of
places and how they differ either with respect to social structure, or
the routine activity patterns associated with places. As noted above,
while the theories discuss different mechanisms, they are not incom-
patible. In this section, their complementarity and compatibility will
be discussed.

2.4.1 Society changes and lifestyle routine changes

Shaw and McKay did not posit a direct influence of social disorganisa-
tion on rates of delinquency (Bursik, 1988). Rather, neighbourhoods in
transitional zones - generally characterised by poor economic status,
high racial heterogeneity, and higher residential mobility – were as-
sumed to produce higher levels of social disorganisation, in which the
community is less able to assert control (Bursik, 1988). The motivation
for the theory can be better understood through consideration of the
time at which it was proposed. The theory was developed soon after
World War I, which was a period of substantial change in the United
States, including the development of cities such as Chicago. According
to the theory, the rise in crime can be understood as an unexpected and
unintended side effect of the economic developments that took place
at the time. Amongst other things, these changes produced large-scale
urban relocations of newcomers from suburban areas for a job which
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were accompanied by an excessive escalation in crime and disorder in
the areas to which they migrated. Park, Burgess, and McKenzie (1984)
sought to answer the question of how individuals were affected by
the growth of the city and how the expansion of the city might lead to
urban problems.

While social disorganisation theory looked for the answer of rising
crime in terms of the process of urbanisation after the end of World
War I, routine activity theory tried to explain increasing crime rates in
terms of the social and economic changes that took place after World
War II. The salient transformation/modification of people’s daily lives
after the wars inspired criminologists to consider consequences of the
changes physically (i.e. residential settings and land use) and socially
(i.e. population composition and employment status) on crime oppor-
tunities. During this period, Cohen and Felson aimed to understand
steeply growing crime rates after the war, reconceptualising the root
of crime. They applied economic and social factors on the crime rate
which could not be fully explained by the U.S. Census Bureau data
showing improved social economic conditions. They conducted an
analysis on social changes in metropolitan areas such as the increas-
ing married females in the workforce, unsupervised homes during
days and social pattern changes by higher college entrance and found
that these social changes are associated with crime rates rather than
criminality (Felson and Cohen, 1980).

As discussed, a key concept of routine activity theory is that the
structure of individuals’ routines is influenced by societal norms.
Spatial and temporal patterns of activity revolve around the home,
employment, and recreation. Different places will represent different
manifestations of populations undertaking different activities. An
offender may, for example, encounter countless convergences that
produce suitable crime opportunities if they engage in activities in
socially disadvantaged areas. Although routines are a primary concept
in explaining crime exposure situations of individuals (those routines
which mean how, where, and when individuals move) are never
explained without considering an individual’s social position which
naturally determines their routines.

Crime settings: who are the offenders?
In both theoretical perspectives described above, motivations to

commit crime are ignored and appear to be in sharp contrast to other
theories that focus on criminality. They both pay attention to how the
environment and situation might shape the criminogenic character of
an area, but ignore the reasons of criminal motivation. Routine activity
theory substitutes the word motivation with inclination (Clarke and
Felson, 1993) while social disorganisation theory uses the word ‘dis-
positions’ (Sutherland, Brunton-Smith, and Jackson, 2013). In common
with routine activity theory, social disorganisation theory suggests
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that delinquency is more likely in areas where social control is weak
and unlikely to be asserted. Cohen (1955) criticised social disorganisa-
tion theory in Delinquency boys, arguing that “It is wholly negative. It
accounts for the presence of delinquency by the absence of effective
constraints” (Cohen, 1955, p.33).

To summarise, both perspectives cautiously avoid explaining how
crime motivation is created. They assume when a control level is
low with either a low level of social and/or physical control, crime
follows naturally. How the two theories differ is in terms of how they
operationalise the concept of social control. In the case of routine
activity theory, guardianship can be provided by anyone who (or
anything that) is present and has the capacity to deter crime in some
way. In the case of social disorganisation (see Sampson et al., 1997),
the social fabric of the neighbourhood matters and influences the
likelihood that residents will act collectively to deter crime.

Given the difficulties of measuring the presence of motivated of-
fenders, most spatial studies have indirectly measured the likelihood
of appearance of them. For example, indicators such as residing in
crime hotspot areas, residing close to victims, neighbourhood social
disorganised levels, and neighbourhood crime rates have been as-
sumed as increasing the risk of potential offender emergence (Cohen
and Cantor, 1981; Sampson and Wooldredge, 1987). Although most
studies look for indicators of offenders in social structure contexts,
some studies have studied offenders more directly within situations
of crime. For example, Wortley (2001) proposes the role of immediate
situational precipitators induced by the person-situation interaction
such as crowding, being jostled and rude treatment (Wortley, 2001;
2013). He argues that those precipitators can provoke violent beha-
viours. Finkelhor and Asdigian (1996) also emphasise the importance
of offender’s emotional status. They found that the offender’s anger
or destructive impulses are aroused before the offenders decide to
commit crime and this risk was significant in sexual assault crime
among the young (Finkelhor and Asdigian, 1996). In Warriors and
Peacemakers: How Third Parties Shape Violence, Cooney (1998) points
out emotional status in criminogenic situations. Although Cooney
(1998) mainly focuses on the role of a third party in violence crime, he
strongly suggests violent crime situations are requisitely followed by
emotional agitation such as swearing and cursing (Cooney, 1998). In
short, despite the importance of directly measuring the presence of the
offender in crime conditions, only a few studies include immediate
situational indicators and others tend to use more general contextual
indicators.

Crime settings: who are the victims?
One of the most widespread theoretical frameworks in victimisation

research is routine activity theory (Hinderlang et al., 1978; McNeeley



2.4 integration of theories 17

and Wilcox; 2015). The theory views the reason for victimisation as a
function of differential routine behaviours of victim-prone individuals
(Cohen and Felson, 1979). In the framework of the theory, operational-
ising the likelihood of victimisation can be divided into two concepts;
an exposure level to crime-prone situations such as the accessibility
and visibility of targets, and an attractiveness level in symbolic and
economic values (Clarke and Felson, 1993, Madero-Hernandez and
Fisher, 2012). In the case of social disorganisation, less attention is paid
to the characteristics of victims. Instead the theory notes a potential
victim as one who does not have enough supportive relationships with
family and community members. In the theory, victims are described
as individuals who reside in socially disorganised communities and
lack financial and social networks (Sampson and Groves 1989; Bursik
and Grasmik, 1993) and they eventually are exposed by existing in
an uncooperative atmosphere (Tewksbury, Mustaine, and Covington,
2010).

A routine-based exposure level to criminogenic situations is meas-
ured by the likelihood of being victimised by lifestyles; especially
consideration of where and how long individuals spend their times
(Mustaine and Tewksbury, 1998). For example, the risk activity pat-
terns, the number of nights spent outside, the number of time spent
in public such as bars, parties and working have been tested to meas-
ure the level of exposure to crime situations (see Mieth et al., 1987;
Kennedy and Forde, 1990; Miethe and Meier, 1990; Sampson and Laur-
itsen, 1990; Miethe and McDowall, 1993; Fisher et al., 1998; Mustaine
and Tewksbury, 1998). With respect to target attractiveness, victim-
isation likelihood is estimated using households with a high income,
jewellery worn in public, cash carried openly (Lynch, 1987; Miethe,
Stafford and Long. 1987, Sampson and Wooldredge, 1987; Messner et
al., 2007), housing value, socio economic status of households (Mieth
and McDowall, 1993; Bowers, Johnson, and Pease, 2005; Zhang, Mess-
ner and Liu, 2007), and previous crime experience given that offenders
have more information on prior targets (Wright and Decker, 1994; see
Johnson and Bowers, 2004). Cohen’s early work (see Cohen, 1981) with
his colleagues used sociodemographic indicators to estimate popula-
tion at risk of victimisation by levels of non-household activities such
as marital status and occupation (Cohen and Cantor, 1981; Cohen,
Kluegel and Land, 1981).

Similar to measurement of the concentration of offenders, the con-
centration of victims has mostly been measured indirectly in studies
of social disorganisation. Most studies estimate the likelihood of being
victimised by structural factors of neighbourhoods including per cent
of black and average income (Fraser and Kilbride, 1980), perceived
disorder (Melde et al, 2009), and collective efficacy (Fox, Lane, and
Akers, 2010).
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Crime settings: who are the guardians?
As mentioned above, control is a core concept in both theoretical

perspectives, albeit it is conceptualised differently. The empirical re-
search based on social disorganisation theory consistently indicates
that a high level of informal social control is negatively associated
with neighbourhood levels of crime rates through weakening of a level
of informal surveillance, common governing rules of neighbourhoods,
and direct interventions (see Greenberg et al., 1982; see also Bursik and
Grasmick 1993; Bellair, 2000); Informal surveillance refers to casual
but vigilant activity occurring at places (see Jacobs, 1961), common
governing rules refers to widely accepted understanding among the
members of neighbourhoods such as particularly unsafe areas in their
neighbourhoods, and direct intervention denotes willingness to inter-
vene in unusual activities, unacceptable behaviours by the juveniles
and informing parents or guardians of misbehaviour (Bellair, 2000).
Social disorganisation theory highlights an important role of social ties
and social control in neighbourhood crime rates as a tool for crime pre-
vention. Many studies that adopt this perspective, suggest that broken
social control in neighbourhoods provides opportunities for offending.
Bursik (1988) asserts that in neighbourhoods with strong commitment,
crime is kept in check by the residents as a group standard, but where
it is deficient, crime spirals out of control (Bursik, 1988). At an oper-
ationalisation level, social ties and control are largely measured by
membership, influence, sharing of values, fulfilment of needs, shared
emotional connections (Glynn, 1981; Chavis et al., 1986; Sampson and
Groves, 1989; Perkins et al., 1990, Warner and Roundtree, 1977; Bellair,
2000; Markowitz et al., 2001; Hipp, 2007).

In routine activity theory, a guardian is anyone that has the capacity
to control crime opportunity successfully and is anyone who can ‘keep
an eye on potential crime targets’ discouraging crime (Reynald, 2009;
2010; 2011). Guardians exist in daily routine in the form of friends,
relatives, neighbours, families, or the owner of the targeted property
(Felson and Cohen, 1982; Clarke and Felson, 1993; Reynald, 2011; Eck,
2015). In previous research, guardianship has been categorised by
its form such as social or physical, intensity, and levels considering
both situational or contextual crime conditions. Some researchers ex-
amine social guardianship in terms of the number of adults living
at home, networks among neighbours, participations in neighbour-
hood activities, or parental attachment (Mieth and McDowall, 1993;
Tseloni et al. 2004; Schreck, Stweart, and Fisher, 2006; Zhang, Messner,
and Liu, 2007). Others focus on physical guardianship with target
hardening indicators including security alarm, door locks, carrying a
weapon, owning a dog or undertaking self-protection training (Wil-
cox Roundtree, Land and Miethe., 1994; Fisher et al., 1998; Mustaine
and Tewksbury, 1998; Outlaw, Ruback, and Britt, 2002). In concep-
tual explorations, Wilcox, Madensen, and Tillyer (2007) propose two
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different levels of guardianship; individual-level guardianship and
aggregated-level guardianship (Wilcox, Madensen, and Tillyer, 2007)
and Reynald (2009) argues guardianship is categorised in four groups
by intensity– invisible, available, capable and intervening (Reynald,
2009). In the four stage model, available refers to where a guardian is
present and visible, but may not be capable. Capable refers to where a
guardian can be expected to fulfil a guardianshiop role in potential
crime conditions but may not intervene in situations willingly. In the
final stage, intervening is where a guardian is present and actively
mediates in situations as a controller (Reynald, 2009).

In sum, social disorganisation theory suggests that guardianship is
created through community structures, and argues that a community
would regulate itself if it has collective action and a high level of
civic engagement (Sampson and Groves, 1989; Carr, 2005) or inter-
vention ability (Morenoff et al., 2001). Routine activity theory, on the
other hand, focuses on either the immediate situation or accumulated
situations underlining the appearance of capable guardians to deter
crime. It views the absence of capable guardians as a crucial compon-
ent of crime occurrence, and defines guardians as anything that can
provide direct or indirect supervision in crime conditions. To summar-
ise, although the two theories differ in terms of the processes and the
conditions necessary for effective guardianship to occur, both see the
protective action of residents as essential in understanding area-level
crime rates.

2.4.2 Limitations of the theories and big data

Routine activity theory and social disorganisation theory have had a
profound impact on the field of criminology and policy. Despite this,
there remain unanswered questions, and critically, the data used to
empirically test these theories is often imprecise and often represents
only a proxy of the core constructs it seeks to represent. The criminal
opportunity approach afforded by routine activity theory has been
enthusiastically embraced by practitioners (for example in the form of
situational crime prevention, see Felson and Clarke (1998) and below),
but has also attracted criticism . In particular, limitations have been
suggested with respect to theoretical indeterminacy and the use of
broadly defined measures (Madero-Hernandez and Fisher, 2012). On
the other hand, social disorganisation theory has been criticised re-
garding ambiguities and the complexities of the mechanisms proposed.
Bursik (1988) notes that Shaw and McKay did not clarify the definition
of social disorganisation, or the causal link between social disorganisa-
tion and neighbourhood crime rates, and eventually these limitations
cause empirical deficiencies of the mechanism (Bursik, 1988). This
thesis therefore focuses on four issues which include the conceptual
clarity of the theories, and the measurement of key constructs – not
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properly measured hitherto - through the use of big data, such as
geolocated Twitter messages.

First, neither theory considers the cultural contexts associated with
places. Empirical studies have not sufficiently dealt with this issue as
the characteristics of places associated with culture, context and code
are not easily captured and computed. Consequently, the criticism on
a lack of cultural context and its impact on crime rate have been raised
with respect to both theories. Researchers have tried to measure a
cultural code which could account for the paradox sometimes evident
in social disorganisation; the neighbourhoods with a low crime rate
but a high social disadvantage level. This cultural code would not
be observable using demographic characteristics or social economic
status. Considering routine activities, variables such as age, sex, race,
income, and level of education are vital parameters that likely influ-
ence people’s routine activities, and research has tended to rely on
them to date. However, these are simple “proxy” variables that cannot
provide accurate insight into the intricate and complex patterns of
activity people engage in (Degarmo, 2011). Similarly, Garland (1999)
argues that all situations are different since they are created in the
cultural context of the place. As Anderson(1999) notes the place has
its own culture and code, it cannot be easily measured in quantitative
terms using traditional census data or simple interviews. All (non-
cyber) crime is local to somewhere, and cultural variations will always
exist in criminal situations (Felson, 1998; Garland, 1999). Thus, tradi-
tional forms of data are unlikely to capture the cultural dynamics of
specific places at specific times. Big data might afford this opportunity.

Second, Cohen and Felson (1979) assume that criminals and non-
criminals are “functionally dissimilar” but miss an explanation of
the predispositions of the dissimilarity between them (Tillyer, 2010).
Likewise, Shaw and McKay do not elucidate why only some people
who live in the same or similarly structured neighbourhoods engage
in crime. Routine activity theory neither clarifies the root to criminal
motivation nor describes why criminal motivation varies in degree
among individuals. This lack of conceptual clarity equally applies to
the definition of victims. As explained by Clarke and Felson (1979),
in many cases, victims are not clearly distinguished from criminals
(Clarke and Felson, 1979). Scholars have not drawn clear boundaries
between them and have not addressed the question ‘are drug users or
a drunken person a motivated offender (Sampson and Lauritsen, 1990)
or an easy crime target (Spano and Nagy, 2005)?’ The existing crimin-
ological literature suggests that victims and offenders share similar
demographic characteristics, especially for violent crime (Gottfred-
son, 1981; Jensen and Brownfield, 1986; Daday et al., 2005; Martinez,
Rosenfeld and Mares, 2008). As both offenders and victims reside
in similar socially and physically structured places, it is perhaps not
surprising that they have been found to have similar risky routine
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activities and situational characteristics (Sampson and Lauritsen, 1990;
Singer, 1981. Daday et al., 2016). However, the differences between
three crime elements, in particular offenders and victims, could be
observed when they are analysed by big data presenting things that
are usually unseen ostensibly such as emotions and personality.

Third, the theories also suffer from limitations associated with em-
pirical measurement. In their original paper, Cohen and Felson (1979)
put an emphasis on ‘direct contact’ in terms of the convergence of the
three elements necessary for crime to occur. However, absent of direct
measures of people’s activities, routine activity patterns were estim-
ated using indirect “proxy” measures. For instance, although most
violent crimes are not instrumental and happen spontaneously (Mieth,
Stafford, and Lond, 1897), in the previous measures this temporal
crime atmosphere could not be captured the situation. The measure-
ments are substituted by indirect ways which show higher likelihood
of the commission of this type of crime (e.g. the presence of bars
serving alcohol, see Graham and Homel (2008)). Additionally, a reli-
ance on proxy and alternative measurements is problematic because
the associated inaccuracy of the data weakens the extent to which the
validity of the theories can be tested (Weisburd and Piquero, 2008)
and crime specific dynamics can be captured (Madero-Hernandez
and Fisher, 2012). To illustrate, in previous research concerned with
routine activity theory, guardians and guardianship have not been
measured directly. Although the formulation of the theory is notice-
ably simple, the research could rely on proxy and indirect measures
of the variables, which represents an important methodological limita-
tion of such research (Wooldredge, Cullen and Latessa, 1992). In the
current study, using big data, guardianship is estimated more directly
capturing the immediate moments of crime situations.

Following on from this, a fourth issue is the lack of temporal in-
formation concerning routine activities and the use of alternative and
proxy measures which make difficult to develop the theories and to
examine their predictive validity. Groff (2006) argues that although
routine activity theory has a well-developed framework, its empirical
validity is still not confirmed because of the difficulties associated
with obtaining individual-level data. The analysis of Big Data offers
considerable potential for the testing of criminological theories such
as those discussed here. This is because it is often in a format which is
both spatially and temporally specific. The data thus offer the possib-
ility of measuring crime and its underlying situation in new ways and
the discovery of activity patterns not previously possible.

These four gaps in the theoretical concept – 1) a lack of explanation
of contextual variations in crime situation and 2) unclear clarification
of characteristics of offenders and victims - and in empirical measure-
ments – 3) missing temporal data in the previous empirical research
and 4) indirect measurement of crime situation – can, it is argued here,
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be filled by the data which provides dynamic interactions of offenders,
victims, and guardians and their patterns spatiotemporally. At the risk
of repeating previous points, the big data to be used has countless
layers of information including people’s activities and will help to
address questions more directly than has been possible in previous
research.

2.5 theoretical model for the thesis

Although the conceptual framework for the thesis is built upon theor-
etical foundations of routine activity theory and social disorganisation
theory, in the thesis, crime events will be mainly understood within
an opportunity perspective, especially the routine activity framework.
To be clear, the thesis principally views crime events as the result of
the convergence of three crime elements’ emergence, - routine activ-
ity theory - and the emergence patterns as the results of social and
physical structure of place - social disorganisation theory (Figure 2).

Figure 2: Theories synthesis model

More importantly, unlike previous research, the work reported
in this thesis will pay particular attention to the immediate (and
dynamic) conditions in which crimes occur. While research concerned
with routine activities has mostly examined aggregate behaviours
estimated using proxy variables, scholars have tried to employ the
idea on an individual situation level. According to routine activity
theory, a potential offender engages in criminal activity only when
suitable targets come together with an absence of a guardian and,
this turning moment is immediate. Therefore, the thesis concerns
not only the characteristics of place with crime conducive conditions,
but also the specific conditions of the turning moments and their
patterns. While other theories target the desire to offend, routine
activity theory addresses the possibility of offending taking place as a
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result of the dynamic interactions that take place between motivated
offenders, suitable targets and capable guardians (Gottfredson, 1981).
An offender alone is not an absolute condition for a crime event.
Hence, the thesis will focus on criminals but pay the same attention to
other players in the crime equation as they all create crime facilitative
conditions together.

Undeniably, crime occurs at a specific moment that occurs during
the course of day-to-day regular routine activities which themselves
are framed by societal structure and norms, routine activities should
thus be understood at both micro and macro levels. In other words,
the kinds of situations an individual faces in their day-to-day routine
activities are a barometer of the risk of crime to which individuals are
exposed, and the kinds of situations that emerge in a neighbourhood
are an indicator of the crime involvement rates of the neighbourhood
(Wikström, 2009). The fusion of routine activity theory with social
disorganisation theory provides a way to understand routine activities
at an individual level and a group level.



3
B I G D ATA A N D C R I M E

This chapter devotes considerable attention to introducing big data
as an innovative source for crime modelling and prediction. In this
chapter, the basics of big data, particularly that captured through
social media platforms such as Twitter will be outlined. This will be
followed by a discussion of the potential uses to which such data
might be put in criminological enquiry, and a critical assessment of
these forms of data.

3.1 what is big data

3.1.1 Definition of big data

In the documentary the human fact of big data, Michael Coren, a
journalist, described the era of big data as "Every century, a new tech-
nology – steam power, electricity, atomic energy, or microprocessors –
has swept away the old world with the vision for a new one. Today,
we seem to be entering the era of Big Data". The term, big data, which
delivers the most necessary information about itself by means of its
name, has been a major key word in the technologies world in the
most recent five years.

Since the term emerged in the 1980s, its definition has been modified
and has evolved progressively with the exponential growth in interest
in it (Gandomi and Haider, 2015). A dictionary definition of big data is
“data of a very large size, typically to the extent that its manipulation
and management present significant logistical challenges” (Oxford
English Dictionary, 2016). In a more practical description, Gartner
defined big data as “high volume, high velocity, and/or high variety
information assets that require new forms of processing to enable en-

24
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hanced decision making, insight discovery and process optimization”
(Gartner IT Glossary, 2016). Beyond the most authoritative defini-
tions, in academia, big data is generally refers to massive amounts of
structured and unstructured data that cannot be captured, processed,
stored, searched, and analysed by traditional database tools (Kaisler,
Armour, and Espinosa 2013; Sagirouglu and Sinanc, 2013).

Big data is growing everyday and exists everywhere in our daily
lives. It comes in numerous forms such as social media posts, weather
forecast information, mobile phone GPS signals, credit card or oyster
card records and traces of peoples’ activity on the internet. Because of
its unique characteristics, scientists, but also practitioners, politicians
and businesspersons, are facing challenges in finding a certain type of
big data which could be applied on their own field for gaining better
knowledge. While there are many types of big data available, social
scientists are likely to learn most from the data coming with a rich set
of human behaviour knowledge. Data with this quality also advances
understanding of how people move and how they think because the
knowledge offers qualitative insights into our daily lives.

3.1.2 Characteristics of Big Data

Because the volume, tempo and complexity of big data are massive,
the patterns that exist within the data may not be identified easily. For
this reason, the identification of potentially hidden patterns requires
‘big data analytics’ which also could be referred to as a revolutionary
step forward from traditional data analysis (Sagirouglu and Sinanc,
2013). Regarding its size, speed and format, sometimes referred to as
3V, volume, velocity or variety (Doug Laney, 2011; Gerhardt, Griffin
and Klemann, 2012; Schneider, 2012; Singh and Singla; 2015), the
analysis of big data has required new scientific methods of capturing
and analysing themes in the data.

Each characteristic of 3V describes one attribute of big data. First,
volume refers to the amount of data. According to IBM, 2.5 exabytes,
of data are created every day. An exabyte is equal to one billion
gigabytes of data. Moreover, IBM estimate that 90 per cent of the
data that exists in the world today was created in the last two-years.
Velocity refers to the increasing speed at which data is created. Every
single minute, 227,000 tweets are created, 216,000 Instagram posts
are uploaded, 204,000,000 emails are sent, and 72 hours of video
footage is uploaded to Youtube (V and C, 2015). Lastly, variety refers
to the structure of the data. The data is categorised into three types of
data; structured, semi-structured, and unstructured. Structured data
include texts or numbers, while semi-structured data include text such
as eXtensible Markup Language (XML), Application Programming
Interface (API), Electronic Interchange Message (EDI) and so on. The
majority of the data is generated in an unstructured format which
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includes documents, photos, videos and audio files or free texts such
as microblogging messages which have most significant potential to
be used in crime research as they are created with the natural speech
comprised personality, identity, and emotion status of users.

3.1.3 Big Data analytics

Because big data does not fit into the traditional data paradigm, it is
not analysed using traditional analytic methods. The core difference
between big and traditional data (e.g. that collected from sample
surveys), sometimes called small data, is that big data is captured,
stored, and aggregated in different ways. These differences lead to
a noticeable obstacle in the application of conventional methods of
analysis for big data. In order to discover meaningful patterns in
big data, previous methods of analysis cannot simply be applied
to big data. For example, 90 per cent of big data - such as emails,
pictures, videos, posts from social media - is unstructured. As such,
it cannot be easily recorded in a spreadsheet, as would be the case
for most traditional datasets. In addition, since the formats of data
keep continuously changing and evolving on the top of unprecedented
streaming speed and enormous volume, big data analytics have lagged
behind, and still being developed to keep up the evolution until
recently. At the beginning of the big data revolution, researchers
were mainly interested in working out how to mine or manage the
accumulated datasets, but they have quickly changed their concerns
to how to advance data analysis tools and how to capture hidden
patterns in big data efficiently. Currently, there are four common big
data analytic techniques: text mining, opinion mining, social network
analysis, and clustering analysis, and these analytics are mainly used
to extract and discover concealed information in the data.

3.2 big data hubris

Boasting it knows us better than we know ourselves, the related tech-
nologies are growing but, in reality, big data itself, and its analytics are
not invincible. Isolating the signal from the noise in big data remains
unsolved and, advances in analytic capability have not kept pace with
the technologies of collecting and storing data. Sometimes big data
overestimated results or suggested irrelevant results (i.e. cases from
Google flu trend tracker, Facebook headlines or election polling of Eric
Cantor, see Lazer et al., 2014). Simply put, the predictive capabilities of
big data analytics are questionable and still in development in many
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fields. As the warning ‘Big data hubris’ says, the data should not be
seen as a substitute for, but rather a supplement to, traditional data
collection and analysis.

Because big data (like other forms of secondary data) were not
initially designed for a specific research purpose, they ignore some
foundational caveats of primary data collection methodology includ-
ing measurement, validity and reliability, and dependencies (Lazer et
al, 2014). In addition to issues associated with the data itself, in many
cases, the data is simply analysed without a particular theoretical mo-
tivation. The data should be understood within the paradigm of social
science and human behaviour-based approaches, as it is created by
people who interact with given environments, and who are constantly
influenced by social and cultural factors.

Taking a more empirical perspective, sampling issues in social me-
dia data, which is one of most prevalent forms of big data, should
also be discussed. Nagler and Tucker (2015) discuss two sampling
issues in social media big data; representativeness and generalisation
(Nagler and Tucker, 2015). Representativeness issues arise when the
sample from which big data are drawn does not match the population
it is considered to represent. This occurs if the groups of people who
use social media do not represent the whole population (Nagler and
Tucker, 2015). Generalisation concerns the issue of whether the sample
collected from different social media platform can be generalised to
broader populations of interest. As the users of social media are con-
centrated in certain age groups or specific types of people who share
the same interests, researchers should cautiously review characteristics
of platforms which will be used to data collection considering research
purposes.

Despite these noticeable caveats, the potential rewards and enorm-
ous scientific possibilities of using big data cannot be denied, since
these datasets have the potential to capture interesting accounts of hu-
man behaviours that cannot easily be obtained in other ways. Analytic
technologies are becoming stronger in various fields and the needs
of big data are hugely increasing. While some areas of research are
changing gradually in their capacity for big data analytics, others, such
as medicine and economics, are radically developing and already have
shown impressive results on how this influences changes in everyday
life. For example, social media technologies has been used to monitor
behavioural and psychological patterns and its influences on mental
illness (Guntuku et al., 2017), HIV (Young, Rivers, and Lewis, 2014),
or purchase intentions (Want, Yu and Wei, 2012). Big data cannot be
merely defined as a large dataset. It contains qualitative, real-time, and
spatial knowledge of human behaviours which could not easily be col-
lected using more traditional methods. It gives us more sophisticated
and dynamic information about people than demographic data alone,
and provides more natural facts than survey data. For the reasons
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discussed above, while it is clear that big datasets cannot (presently
at least) be used as a substitute for more traditional forms of primary
data (collected for a particular purpose), there is little doubt that they
can be used as a supplement to provide insights that would otherwise
likely be impossible.

3.3 what is twitter?

3.3.1 Facts about Twitter

By human nature, people always want to be connected, network and
communicate with other people in the society where they belong to.
The numerous social networking platforms have been built upon this
human nature and in 2018, around two billion users were on social
networking sites (statistic.com, 2018). With traction among the users,
the figure is continuously increasing and with high demand from
people who want new and advanced ways of social networking, the
usage of the platforms is becoming diverse. The scale and nature of
social network interactions put the resulting data very much in the
category of big data. According to Twitter statistics published in 2013,
18 per cent of US adults use the platform and 42 per cent of them are
on it daily. This platform was mainly used by adults ages above 18,
male, and urban residents (see Pew Research Center, 2013)

Each social networking platform specialises in different needs or
is designed for different functions. Unlike other leading social net-
works platforms such as Facebook or Instgram, Twitter does not focus
on interaction between friends and family using photos or videos.
Twitter is all about rapid and instant communication with the world
(statistic.com, 2018) and this platform highlights the function of broad-
casting and conveying a message to others in a limited number of char-
acters up to 140, called Tweet. This format makes the social networking
simple and practical and this simplicity is the largest advantage of
Twitter comparing with other platforms on the market (Raamkumar
et al., 2018). It basically has a tweet and re-tweet structure that allows
to people ’tweet’ messages on their own bulletin board and share the
thoughts with followers as well as with the followers of their followers.
A broad spectrum of interests is broadcast in real time through the
platform. Across all subjects and across all types of people, anyone or
any sector can make a comment on political controversies, commercial
items, their everyday life and so on.
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3.3.2 Benefits of Twitter

Twitter might not be the most suitable social networking platform
for collecting people’s emotion or personality which is casually and
naturally expressed in intimacy relationships. This is because the plat-
form is not optimised for the purpose sharing daily activities and life
with friends or family using photos or videos like Instagram. Since
the platform was released in 2006, the users have kept developing its
usage and defined how to use Twitter based on its characteristics. As a
result, the platform ended up establishing; a platform for informative
social networking and are been using for interacting and exchanging
information with others. An analysis on Twitter traffic found that
the messages such as text-based, list-based, how-to, breaking news,
or social activities tends to get more retweets and the messages con-
tains immediate and opinionative response to topics including news,
politics, current events, and technology (Ahmed, Bath, and Demartini,
2017).

Although this social media could face the critics for not being used
in intimate social networking such as Facebook or Instagram, the
messages from it are still incredibly valuable as it elicits feedback with
emotions on the original post. Twitter has become an important data
source as it is freely and openly accessible via its Application Pro-
gramming Interfaces (APIs), which consequently increases the value
of the data as a research tool (Ahmed, 2015; Solymosi and Bowers,
2018). The data are very trendy, therefore, the messages contain the
latest and more current subjects showing people’s interests with an
insight into their views, values, and thoughts on the topics.

Location tagging is the most valuable strength of Twitter to research-
ers and anyone else who use the data to understand the value of the
data with geographic information. According to the Twitter policy
2013, users can choose to publish their locations with posts by se-
lecting an option at the device or the website, and once the option
is selected, real-time locations will be recorded/announced to every
posts unless the users remove the options on their accounts 1. Most
importantly for crime research, Twitter has valuable metadata, loc-
ations from which Tweet was created (Ahmed, 2015). By achieving
geospatial information, Twitter data can provide significant aids to
crime patterns and prediction studies providing real-time and -place
clues of crime situations (Solymosi and Bowers, 2018).

However, it is advisable that the likelihood of behavioural biases in
the use of geotagging service with biases in the use of the platform,
Twitter, as well as the use of online needs to be carefully considered
in the context of analysis being performed. According to Sloan and

1 see the location information polity of Twitter: https:/twitter.com/en/privacy. With
a user agreement, the post was tagged with a precise location (i.e.latitude and
longitude).



3.4 big data in crime science 30

Morgan (2015), the tendency to enable Twitter location services varies
by demographic characteristics such as gender, age and languages.
In particular, unlike differences in gender and age show significant
but minor gaps between groups, the study found users who tweet
in Russian less likely to use geotagging services than users who
use Portuguese and Indonesian (Sloan and Morgan, 2015). As they
pointed out, demographic differences may be small, it is important
to acknowledge other factors such as socioeconomic characteristics
of individuals would generate more significant behaviour differences
in enabling geotagging services. To conclude, it should be clearly
noted that there, may be tolerable, are limitations in terms of range of
applicability.

3.4 big data in crime science

Although “Measurement is the basis of all science” (Ferraro and LaG-
range 1987, p.70), criminologists face inherent difficulties in measuring
the phenomenon which is crime (Osgood, McMorris, and Potenza,
2002; Sullivan and McGloin, 2014). The central theories in criminology
such as deterrence and rational choice theory (Cornish and Clarke,
1987), social learning theory (Akers, 1973), social bonding and control
theories (Hirschi, 1969; Agnew, 1985), labelling theory (Becker, 1963),
social disorganisation theory (Shaw and McKay, 1942), and anomie
and strain theory (Durkheim, 1951; Merton, 1938; Messner and Rosen-
feld, 1994) are abstract (Sullivan and McGloin, 2014) and tend to have
elusive concepts (Farnworth, Thornberry, and Krohn., 1994). Because
latent constructs and core variables in criminology have been observed
by both alternative and indirect ways (Sullivan McGloin, 2014), crim-
inologists have to deal with the extra challenges in identifying and
capturing mechanisms initially discussed in the theories appropriately.

While the previous measurement methods are insufficient to address
the research questions being asked (Bernard, 1987), with innovative
measurement techniques in collecting and computing datasets re-
cently developed, crime scientists can explore and understand crime
in new ways. Because this change provides abundant opportunities
to develop and expand criminology, reviewing and applying newly
available datasets are incredibly important. As one example of the use
of innovative data in crime studies, this thesis advocates the use of
big data - especially georeferenced social media data - as a source of
measuring qualitative and personal level information.

While big data shows great promise in criminology, its use has
been under-explored. Previous studies have shown that criminological
theories have evident gaps in both conceptualisation and the meas-
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urement of key concepts, which in turn can challenge the validity of
those theories. Weisburd and Piquero (2008) reviewed the explanat-
ory powers of core criminogical theories using 169 empirical papers
published in Criminology from 1968 to 2005. According to them, so-
cial disorganisation theories yield an average R2 of 0.444 and routine
activity theories generates 0.464 comparing with total average R2

including all theories of 0.389 (Weisburd and Piquero, 2008). They
argue that average of R2 values are higher in crime-oriented theories
such as social disorganisation theory or routine activity theory than
individual-oriented theory such as self-control theory or life-course
theory and, that the overall explained level is constantly very low
over time having only 10 to 20 per cent explanatory power (Weisburd
and Piquero, 2008). This low explanatory power of theories could
originate from inadequate theory including the articulation of causal
mechanisms, poor prediction ability, or inadequate explanation of the
crime process. More importantly, these crucial limitations could result
from the poor measurement of conceptual constructs. One reason for
this is that there are inherent difficulties in measuring many aspects
of human behaviour, and consequently approaches to data collection
often involve limited and indirect approaches that may poorly reflect
the constructs they seek to estimate. Collectively, measurement issues
have impeded progress in criminology and hindered understanding
of if and how theoretical mechanisms work in practice.

There is therefore much scope for the use of big data in crimino-
logy, particularly with respect to understanding spatial and temporal
patterns of crime. There is a role that each of the 3Vs can play in ad-
vancing such understanding. Firstly, overwhelmingly massive datasets
from a volume perspective could be farmed for large-scale correla-
tions of the factors that are related to crime patterns. Of course, it
would be important to recognise that data mining alone would not
reveal much about causality or the mechanisms through which crime
patterns might form. In terms of velocity, this has the potential to
facilitate the dynamic detection and understanding of movement pat-
terns and how these might influence criminogenic opportunities both
spatially and temporally. Data variety might help in capturing the
precise context of criminal opportunities and their surroundings and
is a desirable research pursuit in place-based crime studies. When this
is recorded, big data offers the real time records of people not only
in terms of their location but also their personal information, giving
crucial insight into those present in criminal situations. The data are
not flawless but when harnessed appropriately may provide local,
timely and qualitative information about crime situations.

Historically, the role of the police has often been viewed as solving
crime easily and quickly. Nowadays, the public increasingly expect the
police to prevent crime before it happens (Dai and Jiang, 2016). The
rise of big data opens up possibilities for the police to identify threats
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to society in advance by adding an extra layer of knowledge. The big
data revolution is creating new methods of collecting, analysing, and
translating data, which the police should embrace to help inform the
ways in which they target limited resources and ultimately, to fight
crime.

3.5 big data in the current study

As Ginni Rometty, IBM chief executive officer said, big data will be the
next ’natural resources’ for the industrial revolution, there has been a
substantial amount of effort in academia to understand the chemical
components of the data and to utilise the resource as a proper tool and
make it useful (cited from Ginni Rometty’s presentation at Council on
Foreign Relations in 2014). Recently, a substantial amount of research
has been focused on how to measure online-traits from social media
platforms in particular Facebook and Twitter. Note: each empirical

chapter discusses
relevant concepts
and works in more
details

Population movement patterns
The research on crime patterns and mobile populations has been

conducted in recent years by Malleson and Andresen (see Malleson
and Andresen, 2015a; 2015b; 2016). Malleson and Andresen (2015b)
measured an ambient population using geolocated Twitter in Leeds,
UK with two million Tweets collected from June 2011 to April 2013.
They examined the relationship between the Twitter population and
crime using spatial scan statistic methods, and found that the ambient
population patterns are not directly related to crime volumes (Mal-
leson and Andresen, 2015b). In their 2016 research in London using
local spatial statistics (Getis-Ord), they found the workday census data
is more in line with the ambient population as measured by Twitter.
However, when targeting only crime concentrated areas, a statistically
significant relationship between crime and mobile population was
not observed (Malleson and Andresen, 2016). Although Malleson and
Andresen’s (2015a; 2015b; 2016) research could not find robust correla-
tions between mobile population and crime at any place and any time,
they found that when these data are applied on carefully selected
locations and time frames considering characteristics of crime pat-
terns of the target areas, they indicate more interesting and significant
relationships.

Linguistic patterns
Previous research has shown that users leave personality and social

identity related “behavioral residue” in their virtual environments
(Marwick and Boyd, 2010; Thelwall and Wilkinson, 2010; Back et
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al., 2010; Yee et al., 2011) and that social identity and personality are
expressed in microblogging activities, including texts on Facebook and
Twitter, since they are based on daily conversations (Mehl et al., 2006;
Back et al., 2010; Yee et al., 2011; Qiu et al., 2012). Meanwhile, research
on sociolinguistics has shown that there is an association between
self-reported personality traits and linguistic patterns in microblogs
(Pennebaker and King, 1999; Qui et al., 2012) and that a person’s
language used in SNS uncovers their social identities, revealing the
communities or groups they belong to (Nguyen et al. 2013; Ritter et
al., 2013). Some studies assessed the degree to which demographic
characteristics of users from social media posts such as age, gender,
income and education can be inferred using Latent Semantic Analysis
(LSA). Bokanyi et al. (2016) explored the possibility of inferring the
demographic information from social media using pattern analysis.
Using LSA methodology on 335 million geotagged Tweets in the U.S.,
they found that users’ word use including slang use, urbanisation,
travel, religion and ethnicity are highly correlated with demographic
information from census data (Bokanyi et al., 2016). This shows the
potential of Twitter in revealing information concerning their users.

Personality patterns
A variety of approaches has been recently proposed to infer a user’s

personality from social media platforms such as Facebook or Twitter.
In many studies, Big Five model (openness, conscientiousness, extro-
version, agreeableness, and emotional stability) is a widely accepted
framework used to compare between personality in the real world
and personality in social network environments. Farnadi et al. (2013)
found that females tend to be characterised through openness and ex-
troversion in Facebook use patterns (Farnadi et al., 2013), and Hughes
et al. (2012) found people who use Twitter actively show significant
correlations with a high level of openness and a low degree of neur-
oticism. Hughes et al. (2012) also argue Twitter is not used for a tool
to mitigate loneliness not like Facebook, and mainly used by people
who want to enjoy socialising (Hughes et al, 2012).

Cohesion patterns
Based on the assumption that people use online social media plat-

forms to communicate with others or broadcast information (Preotiuc
Pietro et al, 2015), social connectivity between users and others/fol-
lowers has been studied to understand underlying similarities and
differences between online and real-life social networks (Salvatore et
al., 2011). In Facebook research, the number of linked friends (Lampe,
Ellison and Steinfeld, 2007; Tong et al., 2008), time spent on social
media (Burke, Marlow Lento, 2010; Hughes and Batey, 2012), and a
number of posting messages or photos (Pempek, Yermolayeva, Cal-
vert, 2009) have been commonly used to measure a degree of social
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network relations. In many studies, strong ties in online environments
are associated with greater feelings of social cohesion and bonding,
but do not directly related to actual network size in real life (Burke,
Marlow Lento, 2010).

With the evolution of computer technologies, more in-depth inform-
ation about populations can now be collected, numeralised, stored,
possessed, and analysed. This new resource fits the needs of crime
analysis and offers great promise as it provides information on the
population that traditional sociodemographic and population data
could not show (Solymosi and Bowers, 2017).

The aim of this research is to explore the potential utility of so-
cial media data and suggest ways to use it to uncover useful details
concerning crime situations. Mobile population patterns change dra-
matically in urban areas spatiotemporally and this change creates
criminal situations through the convergence in space and time of
offender and victim populations in the absence of guardians. Con-
sequently, estimating the characteristics of population in a way that
varies over time and by location and is crucial in advancing our un-
derstanding of criminal environment (Solymosi and Bowers, 2017). In
the following chapters, an estimation of the characteristics of dynamic
population such as locations, feelings, and types of the population
are explored, all of which could offer insight into underlying causal
mechanisms and interesting features of criminal situations.



4
M E T H O D S

This chapter discusses the research settings shared by all three of the
empirical studies that follow. The chapter begins with an overview
of the study area selected. In what follows, the data sources used
including crime incidents and georeferenced posts from social media
are described. Discussion then moves to methods for aggregating
data to appropriate spatial and temporal units in preparation for the
various analyses. Note that the more specific modelling strategies are
explained in depth within each empirical chapter.

4.1 study area

This research was conducted using data for New York City USA-
technically a borough of Manhattan only- where the area has unique
characteristics of population in contrast to other boroughs of the
city. Most importantly to the research context, this borough has a
substantial amount of mobile and dynamic population which cannot
be measured using traditional population census data.

The research area is famous as a major tourist city. According to
New York City visitation statistics (NYC Company, 2017), the number
of visitors has been increasing every year. In 2013 (the current research
employed the datasets collected from 2013), 54.3 million people visited
the city, combining 42.8 million visitors from domestic locations and
11.5 million international visitors, and this increased to 65.1 million in
2018 (NYC Company, 2018). The number of the visitors are around
three times (2.95 times based on the population of the city in 2013)
greater than the total population of the city and are close to 26 times
the population of Manhattan only (the population of Manhattan; 1.631

million in 2013 (The U.S. Census Bureau, 2018)).

35
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In addition to visitors, the city also has a substantial subset of people
who commute into the city centre every day. Manhattan serves approx-
imately 2.3 million commuting workers and students on weekdays and
the volume of commuting population for daily workforce consitutes
52 percent of the daytime population (Moss and Qing, 2012). These
statistics indicate that the city has a substantial amount of population
flow caused by the non-residential population, both in-flow and out-
flow, therefore the official census data from the U.S. Bureau of Census
can be seen as inadequate in accurately estimating the mobility of the
population.

In criminology, the volume and density of population has been
considered as a basic requirement in the analysis of crime event-
s/opportunities (see Chamlin and Cochran, 2004) and the need for
alternative data providing a shift of real-time population in lieu of the
traditional census data has been raised (Malleson and Andresen, 2015).
The NY city setting has the suitable conditions for the current research
as it has a significant contrast in the volume of population flow at
different times and the benefit of new data should be particularly
evident in providing an alternative population layer.

4.2 data

The current research is undertaken using two primary data drawn
from two difference sources; social media posts collected from Twitter
2013 calendar year and the number of crimes reported by the New
York Police Department (NYPD) in 2013.

4.2.1 Dynamic population data

This research uses geotagged Twitter data which was collected from
January 1st to December 31st of 2013 in New York City including all
five boroughs; Manhattan, Staten Island, the Bronx, Brooklyn, and
Queens, which matches with the period that the crime data collected
covers also 1.

Twitter is one of the most popular social networking and microblog-
ging platforms. It allows people to broadcast short messages or ‘tweets’
to ‘followers’ to whom they are connected on the network (Marsick

1 The data was obtained from the Uncertainty of Identity project at UCL. In practice,
considering the volume of the data and the collecting methods, it is not possible
for an individual to collect data covering a whole year. Twitter Streaming API only
possible to collect real-time data and historical data should be collected using users’
identification. The Streaming API allows collecting a one per cent of tweets produced
at a given time (see Leetaru et al, 2013; Morstatter et al, 2013; Leak, 2017)
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boyd, 2010; Jin, 2013). In its early days and during the development of
Twitter, the team had originally designed Twitter as an SMS mobile
phone-based communication platform. Having learned of suitable
mobile communication tools, and having been successful at creating
a simple interface, Twitter became one of the biggest interpersonal
communications platforms.

Compared to other social media platforms, Twitter has three unique
characteristics; mobility, georeferencing, and censorship. In the U.K.,
80 per cent of Tweets sent by 15 million active Twitter users (Curtis,
2013) are created via mobile devices (Warren and Knight, 2016). Twitter
automatically records the location information associated with Tweets
for those users who agree to this upon registration. Although Leetaru
et al. (2013) found only 1.6 per cent of tweets have precise geo-codes,
they note that the amount of geo-coded tweets remains high even at
this level of representation, which means that it is enough to conduct
a meaningful analysis on them (Leetaru et al, 2013). Lastly, Twitter
has no censorship so it has been used for crime activities such as
advertisements for the porn industry or recruitments for new members
by terrorist groups. Downloaded Tweets from the Twitter server have
the information of user identifications, message content, geospatial
coordinates and times.

After eliminating accounts not representing individual such as bots
and spammers, 519,561 messages (out of 1,048,864 messages collected
from the total five boroughs, 49.54 per cent of messages were created
in Manhattan) were utilised in this research.

Figure 3: Temporal trends of dynamic population | percentages

Regarding temporal patterns in messaging levels, it can be seen
from Table 1 that there is a reasonably equal distribution of tweets
across days of the week. In Monday to Sunday time frame, there was
no significant difference in volumes observed except for Thursday that
generated less messages (60,003 posts, mean=74,223, SD=7,241). Unlike
the temporal trends across days of week, the amount of geotagged
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messages varied very noticeably by time of the day (Figure 3). The
temporal patterns indicated that 50 per cent of posts were created
during the day (8am to 6pm) and the messages were most likely
observed from 7pm to 11pm with this time frame contributing 30.43

per cent of the total messages collected. The off-peak was found from
5am to 9am and only 7.6 per cent of messages were created with this
time period. Figure 3 also demonstrates that there is some variation in
temporal trends by day of the week, but that in general the patterns
are fairly similar.

(a) Census population (b) Dynamic population

Figure 4: Maps of census and dynamic population

Figure 4 shows the spatial patterns of the census and dynamic pop-
ulations. While the census population (left) was highly concentrated
in the edge of the city, the spatial distribution of the population meas-
ured from social media (right) indicated that the population volume
was much higher at the city centre (the lower part of a large unit
(Central Park) in the middle) that has more attraction for tourists or
the shopping/business district and workplaces (see Appendix (p.146)
for a daytime population map using a volume of New York City trans-
portation users created by Justin Fung (2018). According to the visual
assessment on two daytime maps with different sources, the maps
show very similar patterns of the dynamic population distribution)

Table 1: Temporal pattern of the texts by 24 hours timeframe

Timeframe Mon Tue Wed Thu Fri Sat Sun Total

1 0:00-0:59 2,778 3,864 4,346 3,687 2,560 3,343 3,394 23,972

2 1:00-1:59 2,163 3,305 3,730 3,449 2,008 2,847 2,751 20,253

3 2:00-2:59 1,681 2,560 2,999 3,024 1,624 2,306 2,242 16,436
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4 3:00-3:59 1,251 2,038 2,545 2,541 1,114 1,679 1,527 12,695

5 4:00-4:59 788 1,362 1,776 1,777 840 1,081 1,061 8,685

6 5:00-5:59 631 1,023 1,220 1,268 690 917 800 6,549

7 6:00-6:59 643 991 832 843 708 842 811 5,670

8 7:00-7:59 753 1,286 775 630 958 1,181 1,148 6,731

9 8:00-8:59 1,776 2,151 1,059 832 1,717 2,134 2,158 11,827

10 9:00-9:59 2,582 2,713 1,396 1,025 2,276 2,671 2,920 15,583

11 10:00-10:59 3,289 3,223 1,910 1,435 3,090 3,237 3,146 19,330

12 11:00-11:59 3,878 3,647 2,507 2,251 3,441 3,936 3,790 23,450

13 12:00-12:59 3,905 3,903 2,962 2,337 3,580 3,857 3,876 24,420

14 13:00-13:59 4,207 4,108 3,401 2,885 3,914 3,873 4,130 26,518

15 14:00-14:59 4,499 4,189 3,722 2,934 4,118 3,963 4,348 27,773

16 15:00-15:59 4,481 4,266 3,879 3,073 4,223 4,063 4,304 28,289

17 16:00-16:59 4,291 4,307 3,950 3,107 4,017 3,811 4,081 27,564

18 17:00-17:59 4,055 4,339 4,062 3,124 3,999 3,986 3,967 27,532

19 18:00-18:59 4,498 4,569 4,069 3,230 4,059 4,148 4,194 28,767

20 19:00-19:59 4,802 4,773 4,230 3,473 4,576 4,565 4,526 30,945

21 20:00-20:59 5,265 5,026 4,264 3,513 4,822 5,234 4,937 33,061

22 21:00-21:59 5,543 5,178 4,619 3,418 4,892 5,128 5,292 34,070

23 22:00-22:59 5,143 5,017 4,124 3,222 4,546 4,641 4,608 31,301

24 23:00-23:59 4,553 4,787 4,040 2,925 4,119 4,052 3,664 28,140

Total 77,455 82,625 72,417 60,003 71,891 77,495 77,675 519,561

4.2.2 Crime data

Types of crime
In total, 114,016 crimes collected from the target area which are

suitable for the research purpose were selected considering the char-
acteristics and mechanism of crime. In the first step of selecting pro-
cess, crimes which are less likely related to/caused by situational or
environmental factors were removed; crimes such as bribery, child
abandonment, credit card fraud, forgery, gambling, and tampering.
In the next step, crimes were categorised by types of targets; prop-
erty, violent, and drug crime, and then finally sub-categorised into
five types of crimes; property, harassment, assault, robbery, and drug
crime (Figure 5).

Because robbery is defined as theft by force it means it has a char-
acter of both property crime and violent crime (Cook, 1987; Monk,
Heinonen, and Eck, 2010), robbery crime was categorised separately.
Additionally, violent crime were divided into harassment and as-
sault crime considering intensity of crime i.e. whether it included
physical actions or not. Collectively, 74,529 crimes were processed
and categorised into property, harassment, assault, robbery, and drug
crime. Burglary and theft were not separately considered because
the differences between the two types of crime were not accurately
distinguishable in the data. For example, dwelling burglary refers
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Figure 5: Crime classification trees

to breaking and entering a residence for the intention to steal but
dwelling theft is committed by people who have an authority to enter
the house. As the police recorded data does not define the differences
clearly, they are combined into an overall property crime category.

Types of crime locations
To examine the specific characteristics of the places at which crime

events occur, it is necessary to consider the situational patterns of the
immediate environments in which crimes take place (Newton and
Felson, 2015)2. The types of crime locations were categorised by envir-
onmental characteristics which could influence routine activities such
as levels of guardianship. Influenced by Newman (1973)’s defensible
space, the types of place were divided into four categories - private,
semiprivate, semipublic, and public3.

Private places include all types of residential property such as
apartments, houses, and public housing. The place is shared by people
who have intimate relationships and if there are any unauthorised
visitors, it will be easily noticeable. The temporal patterns of the place
would vary by their occupations, but in general, the place is more
likely to be vacant during the daytime and occupied at night. In terms
of property crime, except for crime committed by the member of the
household, the place would keep high levels of surveillance 24 hours
from visitors of the outside. For violent crime, it is more likely to occur
between close relationships, therefore, criminal situations would be
clearly different compared with violent crimes at public places, which
are more likely to commit targeting random people on the streets.

2 The police recorded data which is utilised in this research contains the information
on where each crime occurs such as ’inside of store’, ’in the streets’, or ’at the station’.
Based on the descriptions, crime locations is categorised into 4 categories; private,
semi-private, semi-public, and public.

3 Although Newman used the concept to explain residential environments, this research
adopted the concept at more expanded level. Newman noted that public spaces can
be characterised as anonymous which eventually lead to low levels of ownership and
surveillance (Newman, 1973).
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Semiprivate places comprise commercial buildings, shops, offices,
schools, hospitals, restaurants and so on, and the place will have
people (place managers and visitors) when they are open. This type
of place has a clear schedule (temporal patterns) compared with other
types of places. In this research, semipublic places are defined as the
place that opens to the public and has a low level of guardianship.
This place includes airport terminals, and public transportation such
as inside of bus and subways. Public places consist of the street, park,
playground, and any open areas to the public. The characteristics
of people who occupy the public space can be defined in one way;
passer-by. They may provide informal control (informal control, low
responsibility, low wiliness to intervene) but the quality of surveillance
provided by them could be less effective compared with people who
have responsibility or ownership.

Each location type has a different physical and social setting in
supervision. For property crime at private or semiprivate places, the
capable guardians are responsible for protecting their property and
belongings and would have the highest willingness to take protective
action in a hypothetical explanation, thus, criminals are more likely to
do their jobs at the highest level from entering the place through the
gate to selecting a suitable item to take. Public places have similar tem-
poral patterns in a flow of population with semiprivate places (busy
during the day), a level of guardianship would be completely different.
Both semipublic and public places have a high level of public access-
ibility but semipublic places would have some guardianship such
as CCTV or ticket sellers unlike public places that rely on informal
guardians in the places.

The maps show crime is distributed differently by the types of
locations even the same crime type (Figure 6). Crimes at public places
are concentrated at the centre of the research area (near/lower the
central park that has a larger size spatial unit than all other units) and
crimes at private places are more observed from the edge of the city4.

According to Tables 2 and 3, the study area had property crime at
semiprivate places most and had more crimes at public places than
other three types of places. Compared with other four boroughs which
have more residential areas, crimes at places that allow public access
were more likely to be observed and crimes at private places were less
occurred.

Table 2: Descriptive Statistics of crime categories

Manhattan Others

Crime type Place type Frequency Percent Frequency Percent

Property Private 5,541 7.34 25,563 11.08

semiprivate 26,003 34.46 30,091 13.05

4 Maps of property crime included in this chapter as an example (Figure 6. See
Appendix (p.138) for the maps of other 4 crime types
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semipublic 1,715 2.27 4,229 1.83

public 8,823 11.69 32,082 13.91

Harassment Private 5,481 7.26 27,956 12.12

semiprivate 2,439 3.23 6,274 2.72

semipublic 365 0.48 867 0.38

public 2,476 3.28 9,085 3.94

Assault Private 5,382 7.13 33,799 14.66

semiprivate 2,354 3.12 6,262 2.72

semipublic 548 0.73 1,138 0.49

public 4,453 5.9 16,685 7.23

Robbery Private 737 0.98 2,992 1.30

semiprivate 636 0.84 1,828 0.79

semipublic 186 0.25 709 0.31

public 1,658 2.2 9,649 4.18

Drug Private 1,822 2.41 6,170 2.68

semiprivate 364 0.48 742 0.32

semipublic 325 0.43 451 0.20

public 4,141 5.49 14,059 6.10

Total 74,529 100 230,621 100

Table 3: Descriptive Statistics of place types

Property Harassment Assault Robbery Drug

Private 5,541 5,481 5,382 737 1,822

(13.17) (50.98) (42.25) (22.91) (46.42)

Semiprivate 26,003 2,439 2,354 636 364

(61.79) (22.68) (18.48) (19.77) (9.27)

Semipublic 1,715 365 548 186 325

(4.08) (3.31) (4.30) (5.78) (8.28)

Public 8,823 2,476 4,453 1658 1,414

(20.97) (23.03) (34.96) (51.54) (36.03)

Total 42,084 10,752 12,737 3,217 3,925

(100%) (100%) (100%) (100%) (100%)

4.3 research units

As this thesis primarily focuses on crime situations, a micro level
resolution will be used for both the spatial and temporal dimensions.
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(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 6: Maps of property crime

Although criminology traditionally has focused on macro spatial units,
recent studies demonstrate the potential theoretical and empirical
advantages of conducting research at micro crime places (Eck and
Weisburd, 1995; Sherman, 1995; Taylor, 1997; Weisburd, 2002; Weisburd
et al.,2004). Weisburd et al. (2004) emphasised the value of conducting
empirical studies of criminology at a micro spatial level because crime
is considerably concentrated at micro places. They argue that macro
crime hot spots such as socially disadvantaged communities have
several crime micro hot spots (such as a street or a spot) within them
which means crime is not evenly distributed in disorganised macro
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units so and hence the latter are inappropriate units at which to
measure crime concentration (Weisburd et al., 2004).

4.3.1 Spatial units

With the trend moving to micro-space scale, recently several crime
patterns research exercises have used street segments but it should
be noted that census units would be more useful when estimating
neighbourhood effects (see Hipp, 2007). ’Census block groups’ is
one of the standard units (blocks, block groups, and tracts) for the
census survey, which have been most commonly used in previous
social science research and each unit is accepted as an area that shares
similar demographic and socioeconomic characteristics (Hipp, 2007).
Based on the finding from previous studies, the first empirical study
reported in this thesis, which aims to compare the census population
with dynamic population, employs block groups as the unit of analysis
and the second and third empirical studies - which are designed to
understand micro-situations of crime - use a micro-level unit: street
segments.

Block groups are the second smallest unit of census geography and
have been employed in studies on the relationship between socioeco-
nomic status of neighbourhoods and crime (Sampson and Rauden-
bush, 2004; Hipp, 2007). The research area has 1,071 units and contains
between 0 and 8,000 people and the average population is 1,452 (Table
5). The city has 1,091 census blocks groups in the research target area
and 1,077 units are selected for the study. The units that have some
special facilities (i.e. correction facilities) or are isolated from the main
target area and contain no data (census/dynamic population and
crime) have been removed to reduce any errors. Whilst census blocks
are useful for examining socio-economic influences, in practice, street
segments have been used as the basic units for policing, therefore, they
have been used in recent crime pattern research substantially (Weis-
burd et al.,2004; Weisburd, 2018). For the remaining two empirical
studies - less concerned with area level demographic trends, 11,836

street segments were employed (the average of segment length=315

feet (approximately 100 meter) (Table 6). As shown in Table 4, among
total street segments in the city (N=11,836), 21.05 per cent of streets
(N=2,492) does not have any dynamic population values.

Table 4: Descriptive Statistics of dynamic population by spatial units

Units Mean Std.Dev. Min Max
Block groups

(N=1,077) 442.25 757.83 3 4,048

Street segments

(N=11,836) 43.23 121.77 0 2.471



4.3 research units 45

(N=9,344)*Streets
without any value

54.77 134.73 1 2,471

Table 5: Descriptive Statistics of crime categories by block groups (N=1,077)

Variable Mean Std.Dev. Min Max
Property

Private 5.13 4.44 0 41

Semiprivate 23.83 83.97 0 2,090

Semipublic 1.59 5.10 0 97

Public 8.19 10.77 0 164

Harassment

Private 5.05 6.91 0 88

Semiprivate 2.25 3.80 0 32

Semipublic 0.34 1.18 0 12

Public 2.30 3.41 0 36

Assault

Private 4.96 8.18 0 104

Semiprivate 2.18 4.24 0 45

Semipublic 0.51 2.32 0 51

Public 4.13 5.75 0 66

Robbery

Private 0.68 1.49 0 21

Semiprivate 0.59 1.31 0 17

Semipublic 0.17 0.64 0 7

Public 1.54 2.27 0 26

Drug

Private 1.68 5.41 0 50

Semiprivate 0.34 3.17 0 98

Semipublic 0.30 1.70 0 30

Public 3.83 9.67 0 134

Table 6: Descriptive Statistics of crime categories by street segments
(N=11,836)

Variable Mean Std.Dev. Min Max
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Property

Private 0.46 1.27 0 24

Semiprivate 2.16 18.23 0 1,599

Semipublic 0.14 1.32 0 91

Public 0.74 1.59 0 24

Harassment

Private 0.46 1.69 0 49

Semiprivate 0.20 0.76 0 16

Semipublic 0.03 0.32 0 12

Public 0.21 0.66 0 14

Assault

Private 0.45 1.94 0 69

Semiprivate 0.20 0.89 0 31

Semipublic 0.05 0.68 0 51

Public 0.37 1.06 0 21

Robbery

Private 0.06 0.39 0 14

Semiprivate 0.05 0.29 0 6

Semipublic 0.02 0.19 0 6

Public 0.14 0.47 0 8

Drug

Private 0.15 1.31 0 47

Semiprivate 0.03 0.93 0 96

Semipublic 0.03 0.51 0 30

Public 0.35 1.85 0 79

4.3.2 Temporal units

As Felson and Poulsen (2003) said “Crime varies greatly more by
hour of day than by any other predictor we know” (Felson and Poulsen,
2003, p.595). The temporal characteristics of crime have been treated
as a crucial aspect to understand crime behaviours. Previous research
has identified that there are differences in temporal patterns of crime
by seasons, bank holidays, pay-days, school holidays, day-of- week,
and time-of-day and that distinct crime types are uniquely distributed
over time (Tompson and Bowers, 2013; Boldt and Born, 2016; Towers et
al. 2016). In general, temporal crime patterns have a close relationship
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with the use rhythm/cycle of places. For example, working hours
and non-working hours, or school days and non-school days generate
completely different situations at these places. During school days,
people would naturally wake-up earlier than non-school days (activity
time) and movement patterns (activity location) also would be distinct
as well.

To decide upon a temporal unit of analysis, the temporal charac-
teristics of crime such as trend and periodicity have been considered.
To produce precise analysis on each crime type, as the true extent
and timings of events are sometimes buried in overall patterns, the
temporal unit was disaggregated in one-hour time slots for initial
exploration.

Figure 7: Temporal trends by crime locations: property crime | percentages

Figure 8: Temporal trends by crime locations: harassment crime |
percentages

Figures 7 to 11 show that temporal trends of each crime type used
in this thesis at different locations. In all five crimes, temporal patterns
vary between crimes at private places and crimes at public places, and
semipublic and public places displayed some similar fluctuations by
time-of-day.

Temporal trends of each crime by day-of-week showed distinguish-
able patterns by types of crime but for time-of-day, except for certain
time periods, the temporal patterns did not display significant dif-
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Figure 9: Temporal trends by crime locations: assault crime | percentages

Figure 10: Temporal trends by crime locations: robbery crime | percentages

Figure 11: Temporal trends by crime locations: drug crime | percentages

ferences 5. For example, in a case of property crime at private places
(Figure 12), even though subtle daily variations were found at a short
period of time-of-day (i.e. midnight to 6 am), there were similar fluc-
tuation patterns of time-of-day overall.

As this research aims to test/maximise the benefits of the new data,
’real-time data’, it was very important to employ a temporal unit which
allow to capture situational changes according to the time of day. While
the temporal patterns indicated a 168 time matrix (24 hours and 7 days)

5 Temporal trends of property crime at private places reported in this chapter as an
example (Figure 12). See Appendix (p.141) for the analysis results of other 19 crime
types
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would be appropriate in a few crime cases, employing the units to the
street segment levels generated a considerable amount of non-crime
units, which would damage the validity of the analysis. For these
reasons, the first study using the block groups which have sufficient
volumes of crimes and dynamic population employed 168 time frame
and the second and third studies using street segments used 24-hour
frame. Collectively, for the first analysis (census block groups and a 168

time matrix) 39.84 per cent of units (72,087 units out of 180,936 units)
have no record or crime/dynamic population, and for the second
analysis ( street segments and 24-hour time matrix), 61 per cent of
units (173,259 units out of 284,064 units) have no crime/dynamic
population value. For this reason, the model selection was carefully
conducted to control/eliminate the issues the analysis model might
have, especially in the analysis employing street segments. Future
studies using the datasets should carefully select a spatiotemporal
unit and the model selection steps are discussed in each empirical
chapter in detail.

Recent research has found that a large proportion of crime is con-
centrated at a limited number of street segments (Weisburd, 2015)
and these findings suggest that the model should not ignore the
time-invariant latent characteristics of each street. There is also a pos-
sibility of time-specific unobservables on crime which could make
an omitted variable bias in the model. For the crime data, a cyclic
fluctuation in criminal opportunities would generate bias (Raphael
and Winter-Ebmer, 2001), hence mitigating unobserved time effects
such as time/day/year effects has been considered important to the
production of reliable statistical results (Baltagi, 2006).

Figure 12: Temporal trends: property crime at private places | percentages



5
M O B I L E A M B I E N T P O P U L AT I O N PAT T E R N S

5.1 introduction

For many years, environmental criminologists have been treating the
social and physical structure of the neighbourhood as an essential
base to explain levels of crime. Further, the majority of the empirical
studies exploring crime within this structure have relied on data from
the population census to characterise areas.

It is however unsurprising that this traditionally used data has not
generally been able to provide sufficient information to allow crimino-
logists to fully operationalise the logic described in the environmental
criminology theories. In particular, empirical research on routine activ-
ities theory discussing crimes as a by-product of opportunities created
by routine activities - generalised social activities undertaken by the
basic population - (Cohen and Felson, 1979) has faced criticism on the
use of broadly defined, imprecise, and a proxy measurements of the
core construct, human activities. Unlike census data, the data collected
from social media enables a more nuanced exploration of the role
of presence and absence of populations in explaining crime which
is only possible using human activity data that is both spatially and
temporally referenced.

The main aim of the current study is to examine the utility of social
media data in understanding a microenvironment of crime situations
in tracking the movements and fluctuations of certain populations.
Critically to the argument here, these relationships will examined for
a series of distinct behaviour settings which separate between crime
types and distinct place contexts.

50
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5.2 background literature and theoretical rationale

5.2.1 Crime and the rhythm of places

Environmental criminology explains the emergence of crime within
a spatiotemporal framework. It believes that certain spatiotemporal
situations are more likely to generate dangerous outcomes: crimes.
In the rationale of the theory, crime occurs when offenders judge a
moment where they stand as a crime approachable condition and feel
safe enough to execute a crime.

Routine activity theory explains that this moment is not evenly
distributed in time and space, and is predictable by understanding
the spatiotemporal patterns of routine activities (Clarke and Felson,
1993). A salient characteristic of routine activities is repetition. Each
individual has periodic activities within spatiotemporal dimensions
and the accumulated activities create concrete situation patterns of
places, ‘the rhythm of place’. Note: see the sections

about ’Routine
activity’ in Chapter
2 (p.11)

A specific issue is that the primary concept of guardianship fluctu-
ation has traditionally been tested indirectly by using data which
does not contain a sufficient temporal dimension (Sampson and
Wooldredge, 1987; Ouimet, 2000). Instead the ‘situation’ has been
conceptually inferred from the average attributes of people in the
same geographical area rather than a precise account of the context or
moment. In the original research by Cohen and Felson, the absence of
guardians against crime is conceptually framed as the consequence of
more females in the job market rather than the lack of guardianship in
the crime situation (Cohen and Felson, 1979). In subsequent research,
the characteristics of people’s routines were understood by studying
urban forms – land use (Brantingham and Brantingham, 1975; Brant-
ingham and Brantingham, 1981), transportation hubs, street network
or urban facilities (Groff, 2011; Bowers, 2013) – implying rather than
directly measuring temporal shifts of population.

5.2.2 Guardianship and the rhythm of places

Garland (1999) argues that all crime situations are different since they
are created in the cultural context of the place. Furthermore, Anderson
(1999) notes that places have their own culture and code and cannot be
easily measured using traditionally used methods such as census data.
To understand the true dynamics between the presence of people and
crime, it is necessary to consider how this might vary according to
context. For example, Cohen and Felson hypothesised that it was the
lack of residents at home during the day that contributed to the rise in
property crime post world-war II (Cohen and Felson, 1979). Therefore
a lack of population to act as suitable guardians in the private home
environment can encourage crime. However, Beavon, Brantingham
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and Brantingham (1994) found an increased likelihood of burglary on
streets that were likely to be busier in terms of their flow and large
quantity of population. In this context more people about equates to
higher crime.

One of the distinctions here is the degree to which people act as
guardians against crime or are, in fact, crime facilitators in certain
situations. Indeed, the crime situation is undoubtedly one of the
core concepts in environmental criminology (LeClerc et al., 2016).
Considering the immediate environment and how the situation shapes
the moment is important in understanding when a second or third
party might provoke crime (e.g. attempting to split up a fight or by
providing a suitable victim) and when they might prevent it (e.g. by
acting as a guardian against property crime).

The concept of guardianship is complex and has attracted substan-
tial amounts of research. Miethe and Meier (1994) discuss how the
availability of others offer assistance to ward off an attack and this
can be in the form of either formal or informal guardianship. Reynald
(2009) suggested ‘guardianship in action’, arguing that the concept of
guardianship should be re-assessed to focus on the actual action of
guardians and not only their existence. Her findings suggested that
actions by the place occupiers are important in assessing whether a
situation has or lacks the necessary conditions for crime. The extent
to which a population will be capable of acting as a guardian against
crime depends on their role in that particular situation (Reynald, 2009).
Clarke and Harris (1992) also argued guardianship is not an existence,
it is an action, which depends on the varying degrees of responsibility
for discouraging crime.

People can have different relationships with the places they routinely
visit. At home or a private space, people act as self-motivated guard-
ians of their own territory. In fact, much of the work by Newman
(1976) and others discuss as the role of territoriality in encouraging
surveillance (Newman, 1976; Taylor, Gottfredson, and Brower, 1984;
Reynald and Elffers, 2009). In a work setting, named as semiprivate or
semipublic places in this research, it is likely there is some expectation
that the employees will assist with guardianship. Eck and Rosenbaum
(1994) have referred to this as ‘place management’ which emphasises
the actions by place managers to control criminal activities in the place
(Eck and Rosenbaum, 1994; Eck and Weisburd, 1995; Clarke and Eck,
2005).

In some situations the presence of more people can increase the
anonymity of an area, weaken the level of informal control and even-
tually decrease guardianship capabilities. Busy situations might make
criminals less likely to be recognised but also provides more eyes
as witnesses in the public places (Roncek, 1981; Roncek and Maier,
1991; Nasar, Fisher, and Grannis, 1993). In very public places, where
people’s roles are generally as ‘passers-by’ then perhaps the require-
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ment for individuals to act as intervening guardians is less formal and
more optional. This is supported by research suggesting that people
may feel higher willingness to intervene in situations where they have
more knowledge and familiarity with the place (Uittenbogaard, 2014).

The role of the people present in creating opportunities or guard-
ing against crime will also depend upon the type of crime being
considered. In terms of property crime, in private homes, the place
can at the extreme be guarded 24 hours a day against visitors from
the outside. People’s daily routines in public space can create crime
vulnerability if they lead potential offenders to become aware of op-
portunities. This can be framed as the development of an offender’s
mental map (Brantingham and Brantingham, 1988). However, the hab-
itation of a private setting will not protect against crimes committed
by members of the household against each other, such as domestic
abuse. In the case of violent crime, private and public spaces have
clear differences in terms of available third parties who can act as
a guardian (Cooney, 1998). Indeed, more generally third parties can
shape violent situations in different ways such as taking the role of
warriors or peacemakers (Cooney, 1998; Cooney, 2009).

5.2.3 Measuring population dynamics

To date, the lack of temporal information concerning routine activities
and the use of alternative and proxy measures has made it difficult to
develop the theory and to examine its predictive validity. Groff (2006)
argues that although routine activity theory has a well-developed
framework, its empirical validity is still not confirmed because of the
difficulties associated with obtaining individual level data (Groff, 2006).
This is backed up by Weisburd and Piquero (2008) who reviewed the
explanatory powers of core criminological theories using 169 empirical
papers published in Criminology from 1968 to 2005. According to
them, in general explanatory power is constantly very low over time.
This low explanatory power could originate from inadequate theory
including the articulation of causal mechanisms, poor predictive ability,
or deficient explanation of the crime process (Weisburd and Piquero,
2008). These are exacerbated by the limited data issue as it deters the
development and update of the theories based on adequate empirical
examinations.

More importantly, these crucial limitations could result from the
poor measurement of conceptual constructs. One reason for this is that
there are inherent difficulties in measuring many aspects of human
behaviour (Osgood, McMorris, and Potenza, 2002) and consequently
approaches to data collection often involve limited and indirect ap-
proaches that may poorly reflect the constructs they seek to estimate.
Collectively, measurement issues have impeded progress in crimino-
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logy and hindered understanding of if and how theoretical mechan-
isms work in practice (Sullivan and McGloin, 2014).

To more directly measure guardianship fluctuation, it is necessary
to quantify people flows over the urban area, which are known to be
skewed and disproportionate (Felson and Boivin, 2015). Measuring
changing populations and populations at risk has been a subject of
research in various fields. In geography, a better estimation of the
location and size of vulnerable populations in hazard prone areas can
be crucial because it guides decision making and policy in national
urgent situations (Mondal and Tatem, 2012). Urban planning research
has long since evolved from reliance on static population data such as
the census. Instead more spatially and temporally specific data such as
LandScan or the Global Rural Urban Mapping Project (GRUMP) are
used in hazard, public health and economic/business models (Bhaduri
et al. 2002; Bhaduri, Bright and Coleman, 2007; Piel et al.2013; Njuguna
and McSharry, 2016).

In criminology, the census has been used as a backbone source
in measuring the characteristics of population because it gives snap-
shots of sociodemographic characteristics of where and how people
live (Calder and Teague, 2013). From early research such as Burgess
(1925) census tracts were seen as the crucial spatial unit of analysis
as understanding social features of places was a predominant way
of explaining crime location. Whilst this can give a solid understand-
ing of socioeconomic features based on the residential population
it accounts poorly for non-residential activities (Felson and Boivin,
2015). Additionally, the increasingly well evidenced consistent finding
that crime concentrates in hotspots demonstrates that crime acts are
influenced by a flow of population activity rather than static features
like census population.

Georeferenced social media data has much scope in the future de-
velopment of criminology, particularly with respect to understanding
spatial and temporal patterns of crime. In particular, it has the poten-
tial to facilitate the dynamic detection and understanding of movement
patterns. Capturing the precise context of criminal opportunities and
their surroundings is a desirable research pursuit in place-based crime
studies. When recorded, social media data gives real time records of
people not only in terms of their location but also their unobservable
information (e.g. emotions and interests), giving crucial insight into
those present in criminal situations. Very little has been done to de-
velop methods that study guardianship dynamics using social media
data. The only exception is Solymosi, Bowers and Fujiyama (2017)
who use crowdsourced data from an online problem reporting system,
Fixmystreet 1 , to represent active guardianship in neighbourhood
sized areas (Solymosi, Bowers and Fujiyama, 2017). There is therefore
much scope in undertaking research that examines the utility of social

1 www.fixmystreet.com
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media data in understanding the population microenvironments of
crime situations.

5.3 methods

This analysis involves the use of a number of datasets. Two of the core
datasets have already been described. To recap, these are the crime Note: see the section

about ’Data’ in
Chapter 4 (p.36)

data and social media feeds in the region of NYC between the dates
of 1st of January, 2013 and 31st of December, 2013. In addition, the
research in this chapter also required data that could account for social
and economic differences and residential population characteristics
in the selected spatiotemporal units of analysis. As explained below
these differences will impact on crime and need to be accounted for
in the modelling strategy.

5.3.1 Measurements

Socioeconomic variables
To determine whether the dynamic population affects crimes and

whether the effect varies across socioeconomic structures, the analysis
model was necessary to include relevant indicators of socioeconomic
contexts. The analysis used 2010 census to estimate the socioeconomic
and demographic characteristics 2.

In Shaw and McKay’s original work, socioeconomic status of a neigh-
bourhood was estimated using census data on Social Economic Status
(SES), residential stability, and racial/ethnic heterogeneity (Shaw and
McKay, 1942). Other studies have used alternative and expanded
measures based on the variables constructed for testing social disor-
ganisation theory. In these neighbourhoods SES was assessed using
level of education, economic hardship such as unemployment rates
or the percentage of people receiving public assistance/living below
the poverty line, or family disruption including the percentage of
female-headed/single parents/divorced households (Sampson, 1985;
Sampson and Groves, 1989; Bellair, 1997). Residential stability was
calculated using the percentage of owner/renter occupied or residents
living in the same house over five years (Sampson, 1985; Sampson
et al., 1997; Sampson and Raudenbush, 1999; Morenoff et al., 2001).

2 The U.S. Census Bureau collects data about the people living in the country from
various sources and publishes the result every 10 years. The main source is the Amer-
ican Community Survey (ACS) which is on-going survey about vital socioeconomic
information of neighbourhoods including employment status, educational attainment,
whether people own or rent their homes. According to the ACS report, most question-
naires were collected by mail response and online, phone, and in-person interviews
were also used.
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Racial/ethnic heterogeneity has been estimated using the percentage
of Black/Hispanic or foreign-born (Sampson and Raudenbush, 1999;
Morenoff et al., 2001) or calculated using Blau’s diversity index reflect-
ing how many different types of race/ethnic groups there are in the
neighbourhood (Sampson and Groves, 1989).

In this study, the factors that are widely included in the previous
research and haven been shown empirically to have a measured effect
on crime (in certain neighbourhood conditions) were chosen. Hence,
to measure SES, three variables indicating educational attainment
(the percentage of people with no schooling/1-4 year of schooling),
unemployment (the percentage of unemployed workers in the total
labour force), and low-income (the percentage of people living below
the poverty line) were selected. Resident mobility was measured by
non-ownership of residential properties (the percentage of renters). To
capture the range of racial heterogeneity, Blau’s diversity index 3 was
employed (Blau, 1977; Sampson and Groves, 1989).

Vulnerable population variables
The model also includes the population identified and stereotyped

as being at high risk of committing crimes. Official statistics and
academic studies reported that the demographic characteristics of
criminals are disproportionately clustered in a certain type of popula-
tion segments (Farrington, 1986; Fabio et al., 2011; Bureau of Justice
Statistics, 2014). According to a report titled Crime and Enforcement
Activity in New York City (NYPD, 2017), the majority of crimes were
committed by Black or Hispanic (Murder: Black 61.7 per cent, Hispanic
27.0 per cent, and White 7.7 per cent, Larceny: Black 58.2 per cent,
Hispanic 24.9 per cent, and White 12.4 per cent ) in 2013 (NYPD, 2017).
The age of offenders was also concentrated in a certain age group.
The prevalence of offending across all types of crimes peaked in the
teenage years (from 15) and then rapidly declined in the early 20s
(up to age 24) (Piquero, Hawkins, and Kazemian, 2012; Ulmer and
Steffensmeier, 2014). For these findings, residential population counts
of Black and Hispanic young males (the percentage of Black aged
15-24, and the percentage of Hispanic aged 15-24) were included.

In order to examine relationships with crime, the models that follow
use two population variables (one being the dynamic Twitter data),
five socioeconomic variables and two demographic variables (Figure
13).

5.3.2 Analysis Methods

The current study consisted of three different analyses. The first ana-
lysis was designed to examine the differences between the temporal

3 Blau’s index of heterogeneity (1−∑ p2
i ), where pi is the proportion of group members

in each of the i categories.
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Figure 13: The list of independent variables

patterns of crimes and the fluctuation of the dynamic population visu-
ally. For the second analysis, Cross-Correlation Analysis (CCA) was
conducted to statistically measure the temporal association between
these two variables. Using a spatial panel data model, the last ana-
lysis estimated crime rates using the dynamic population and the
socioeconomic contexts illustrated in Figure 13.

Chapter 4 gives an overview of the research units used in the first
two analyses. For the spatiotemporal units of the Spatial Panel data
Model, census block groups and hours (168 hours) were chosen. The Note: see the section

about ’Research
Units’ in Chapter 4
(p.42)

final data consists of 1,077 geographic units by 168 temporal units
between 1st-time slot (Monday 00:01-01:00 on the 24-hour clock) to
168th time slot (Sunday 23:01-00:00 on the 24-hour clock). The counts
of crimes and the values of social disorganisation variables estim-
ated from 2010 census data were appended to each spatiotemporal
unit. As a result, the generated data contained the number of crimes,
the population from the social media and census, and the values of
socioeconomic variables in each census block group over time.

Cross-correlation analysis
In the relationship between two time-series, the responsiveness of

one with another can be lagged in time taking several minutes, hours,
or years until one affects the one another (Jenkins and Watt, 1968).
Cross-Correlation Analysis (CCA) is a standard method of measuring
the level to which two temporal series are correlated and is used
to explore time differences and similarities between two discrete-
time sequences. The analysis identifies the lags of one variable that
might predict another variable. In this study, CCA was carried out
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to investigate the interactions between the dynamic population and
crimes 4.

A solid cross-correlation between the two-time series for differ-
ent time lags would indicate that the dynamic population influences
changes in crime rates after the lag periods. However, importantly,
statistically confirming the correlation between the two does not neces-
sarily imply causality. Although correlation analysis is not sufficient to
demonstrate causality between the ambient population and crime, it
can explore trends in terms of moderate or strong strength correlation
between lagged periods.

When there are two-time series Xt and Yt, the coefficient of cross-
correlation between Yt at the current time point and Xt−k at k time
lags point takes the form

ρXY(k) = ρ(Xt−k, Yt) =
Cov(Xt−k, Yt)√

Var(Xt−k)
√

Var(Yt)
=

γXY(k)
σxσY

(1)

γXY(k) =
1
n

n

∑
t=k+1

(xt−k − x̄)(yt − ȳ)

The cross-correlation function, ρXY(k) refers to the coefficient of
cross-correlation between an output series data Yt and an input series
Xt−k at a time lag k. The cross-covariance function, γXY(k) is estimated
by the sample cross-covariance function, x̄ and ȳ stand the means of
each time-series and σx and σy are the standard deviations of each
time-series respectively.

Spatial panel data model
The crime rates of any types of the spatial unit often depend on

the crime rates and the characteristics of neighbouring units (Anselin
et al., 2000). To address the inherent autocorrelation issues that the
given datasets may have, relevant spatial econometric models have
been reviewed with theoretical and practical considerations of spatial
dependencies.

Spatial panel models can be used to explain the effects of the inter-
actions of time and space lags of both independent and dependent
variables (Elhorst, 2011). The standard model for spatial panel data
takes the form

Yit = Xitβ + ε it

4 As the analysis requires that all data series involved are stationary, the Augmented
Dickey-Fuller (ADF) test was conducted first to check stationarity of the datasets. The
null hypothesis for the Augmented Dickey-Fuller (ADF) test is the variable contains
a unit root, and the alternative is that the variable was generated from a stationary
process. The null hypothesis is rejected in most cases and it indicates that the data
does not exhibit a unit root.
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where i stands an index for the spatial unit with i = 1, ..., N, and t
is a temporal index with t = 1, ..., N. Yit denotes an observation on
the dependent variable at i unit and t time. Xit is a vector of the
independent variables (1 × J matrix), β is a matching vector (J × 1
matrix) of the parameter(s) to be estimated, and ε it is an error term.

When regarding interactions between spatial units, the model can
be modified into a spatial lag model (spatial autoregressive model)
which contain a spatially lagged dependent variables or a spatial error
model dealing with a spatial autoregressive process in the error term
(Anselin, 2006; Elhorst, 2009; Lee and Yu, 2010; Salima, Julie, and
Lionel, 2018).

The spatial lag model controls endogenous interaction effects (δWY)
between dependent variables of units (Elhorst, 2011). The model con-
siders the influence of dependent variable y of a unit to the dependent
variable y of neighbouring units. In empirical studies on crime, endo-
genous interaction effects can be explained as situations where crime
rates interact with the rates in nearby neighbourhoods. Therefore, Yit
is estimated with a spatially lagged dependent variable (∑N

j=1 WijYjt) a
spatial autoregression parameter (δ).

Yi t = δ
N

∑
j=1

Wi jYjt + Xi tβ + ε i t

The spatial Lag of X Model, on the other hand, posits that exogenous
interactions (WXγ) where the decision depends on the interactions
effect of explanatory variables observed in neighbouring units and on
a set of observed local characteristics (Plumpes and Neumaye, 2010).
In terms of statistical analysis on crime and neighbourhood structures,
the effects of exogenous interaction reflect situations where the crime
rate of one neighbourhood is influenced by explanatory variables of
adjacent neighbourhoods.

Yi t = Xi tβ +
N

∑
j=1

Wi jXi jtγ + ε i t

The spatial error model reflects the interaction effect (λWu) among
the error terms (Elhorst, 2011). In crime analysis, the spatial error
model considers a situation where determinants of crime rates omitted
from the spatial model are spatially autocorrelated or where unob-
served conditions follow a spatial pattern. The model takes the form,
and φi t denotes the spatially autocorrelated error term and λ is the
spatial autocorrelation coefficient.

Yi t = Xi tβ + φi t
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φi t = λ
N

∑
j=1

Wi jφi t + ε i t

The spatial Durbin model (SDM) takes account both endogen-
ous and exogenous effects into the model simultaneously (Lesage
et al., 2009). The model contains a spatially lagged dependent variable
(∑N

j=1 Wi jYjt) and spatially lagged independent variables (∑N
j=1 Wi jXi jt).

Yi t = δ
N

∑
j=1

Wi jYjt + Xi tβ +
N

∑
j=1

Wi jXi jtγ + ε i t

Figure 14: Spatial econometric model specifications

To carry out the analysis, the spatial Durbin model with one-way
error component were selected 5. The main motivation to use the
extended model was to include spatial interaction effects which are
obviously detected in previous crime spatial analysis (Morenoff and
Sampson, 1997; Anselin et al., 2000; Johnson et al., 2007; Andresen and
Malleson, 2011) and identified from Moran’s I analysis 6 and the val-
ues of spatial ρ 7. If spatial effects exist, statistics models which do not

5 In this research, LeSage-Pace and Elhorst’s model was used. See Elhorst(2014)’s
’Spatial Econometrics From Cross-Sectional Data to Spatial Panels’ for more details. To
determine which type of model would fit the data, several different spatial models
have been tested and SDM generated the highest values in R2 and log-likelihood
values close to zero. After reviewing the results of the statistical investigation and
theoretical consideration of the data set and the results of each model, SDM was
chosen (see Appendix (p.147) for the results of log-likelihood and R2 values of SDM,
spatial lag and spatial error models (Tables 23).

6 Most variables showed positive clustered patterns. Moran’s I analysis is a measure of
spatial autocorrelation and the outcome value rages from -1 to 1, with value greater
(less) than zero indicates positive (negative) spatial correlation and with zero value
means no spatial correlation (see Appendix (p.148) for the results of Moran’s I test
(Tables 25 and 26)

7 The parameter spatial ρ of SDM was significantly different from zero in most crime
types, which indicates that least-squares estimates could be biased and inconsistent.
For robbery crimes, the ρ was only significant at public places but in all other crime
types, the values were statistically significant which justified using SDM.
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consider the effect such as ordinary least square models would lead
to biased or unreliable results (Anselin, 1988). To investigate possible
spatial autoregressive effects from both explained and explanatory
variables, SDM adds average-neighbour values of both explained vari-
ables and explanatory variables (Lesage and Pace, 2009). Considering
the fact that both the dynamic population and crime have clear tem-
poral patterns, the error terms in the model comprise error terms for
i and t (ei t) and for time-specific effect (µt). µt refers to unobserved
time heterogeneity. In this model, the time-variant factors control for
time-specific shocks that may affect crime such as routine activities
and weather which vary by time of the day and day of the week.
Regarding the results from a likelihood ratio test 8 and Hausman’s
specification test 9, the time-period specific effects were treated as
fixed effect.

Yi t = δ
N

∑
j=1

Wi jYjt + Xi tβ +
N

∑
j=1

Wi jXi jtγ + µt + ei t (2)

where
δ a spatial autoregressive coefficient referring the endogenous

interaction effect

δ > 0: positive spatial dependence

δ < 0: negative spatial dependence

δ = 0: traditional OLS model

γ a Vector (J,1) coefficient of spatial lag on independent vari-
ables referring the exogenous interaction effect

µt time specific effects

5.4 results

5.4.1 Temporal patterns analysis

To understand the influence of people’s regular activities, quantified
by the dynamic population in this research, on crime, visual analysis

8 In all cases, the null hypothesis (H0 : vt = 0) of the LR was rejected. The test results
confirmed the presence of time fixed effects which would bias the estimates of the
relationship.

9 The null hypothesis of Hausman test (H0 :cov(xi t, µt)=0) was rejected in most cases
except for crimes at private places. These results justified the estimation using random
effects would include endogenous bias. Although crimes at privates places failed to
reject the null hypothesis, intuitively and theoretically the fixed effects model would
be suitable as the data covers all populations (all census units in the area) and time
which were not randomly selected (see Appendix (p.148) for the results of Hausman’s
specification test (Table. 27))
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was conducted first. The temporal distribution for the two time series
are plotted in Table ?? broken down by type of crime and type of space.
In each case, the dynamic population is presented in grey and the Note: see the section

about ’Research unit;
Temporal units’ in
Chapter 4 (p.46)

crime count is shown as a black line. Looking across the row it can be
seen that unique interaction patterns exist for the various crime types.
The most salient contrast is evident when comparing the patterns of
crimes at private places with crimes at public places, and also property
crimes with violent crimes.

(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 15: Temporal patterns of property crime and dynamic population

As shown in Figure 15, property crimes occurring in residences and
on streets showed completely different variations. For example, the
temporal variations of property crime and the population appears
positively correlated at public places but negatively at private places.
Property crime at semiprivate places showed similar patterns with the
crime at public places but the peak started a few hours earlier than
property crime at public places and lasted only for two to three hours.
Unlike property crimes at private or public places, the correlation with
the population fluctuations was not obviously observed in property
crime at semiprivate and semipublic places.

As shown in Figures 16 and 17 , it is clearly evident that crime and
population were highly positively correlated in violent crimes, har-
assment and assault, at private places. These crimes at private places
fluctuated almost identically with the population. As shown in the
temporal changes of the dynamic population, the largest variation in
these crime variables was observed during late evening (7pm to 12am)
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(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 16: Temporal patterns of harassment crime and dynamic population

(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 17: Temporal patterns of assault crime and dynamic population

and the variation was sharply dropped after the peak hours around
1am to 2am. For robbery crimes at private places (Figure 18, the peak
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(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 18: Temporal patterns of robbery crime and dynamic population

(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 19: Temporal patterns of drug crime and dynamic population

was found in late evening around 11pm when population activities
appear to decrease. Drug crimes (Figure 19 fluctuated intensely in
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narrow time periods (early evening, 5pm to 9pm) and the pattern
did not show any apparent positive correlation with the population
changes as was the case with all the other types of crimes.

Overall, observable contrast of temporal interactions was found
between crimes at private places and places allowing public access
across all crime types, which indicates that even the same type of crime
has very distinct interaction patterns with the dynamic population
depending on the place context.

5.4.2 Cross-correlation analysis

For more formal statistical exploration on whether there is a correla-
tion between two-time series, Cross-correlation analysis (CCA) was
employed. The CCA between two series helps to identify the nature
of the relationship and how the series are correlated in time.

(a) Type (A) (b) Type (B) (c) Type (C)

Figure 20: Three patterns of cross correlation

The patterns of CCA results observed were grouped into three types.
The most common correlation patterns were Type (A), and Type (B)
and Type (C) was occasionally observed. In the graph in Figure 20,
zero lag represents immediate correlation of two series, the positive
lag side (right side) of the graph shows the cross-correlation coefficient
when rises in the dynamic population precedes crime, and the negative
lag side (left side) of the graph indicates the value when rises in the
dynamic population follows crime.

For example, if the highest positive value is observed at +2 lags, it
demonstrates that the population has its greatest positive effect on the
future level of crime in two hours.

In Type (A), the dynamic population (TD) and crime (TC) are posit-
ively correlated in both positive and negative time lags. The highest
correlation was mainly found within two leads to two lags periods
and the correlation coefficient rapidly declines in ±2 time periods. The
outcome basically refers TD and TC instantly respond to each other
but the strong correlation only lasts one to two hours. The character-
istics of crime having type (A) would be theorised as more people’s
activities coincide with more crimes, which correspond with natural
crime patterns described in environmental criminology. When a place
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is getting busier it will produce more criminogenic opportunities and
build a suitable environment for crime events (Brantingham and Brant-
ingham, 1995). In this analysis, Type (A) was usually found in crimes
at places where public access are allowed.

Type (B) occurs when TD and TC are negatively correlated in positive
time lags. Put another way, this pattern indicates that if TD increased
TC decreases. This pattern was observed in two cases; property crime
at private places and harassment crime at semiprivate places.

Lastly in Type (C), TD and TC were positively correlated in positive
time lags and negatively correlated in negative time lags. This can be
understood when TD and TC increases but the population would not
cause immediately increase as the highest positive correlation is found
in 1 or 2-time lags. This type was observed at assault at semiprivate
and public places and robbery at semipublic and public places.

(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 21: Cross-correlation between Tproperty and TDynamicpopulation

Note:see Appendix
for the coefficient
values of CCA test of
each crime type
(p.150)

In most types of crime, a strong cross-correlation was found in small
lags, within ±3 10. These results were consistently observed across
all crime types, which means crimes are an immediate response to
the changes in dynamic population, and the effect of the population
changes only last 0 to three hours and slowly decreases.

10 Granger causality test was also conducted to confirm the dynamic population leads
the crime rates. The results noted that except for one case (property crime at semi-
public) most cases rejected the null hypothesis (H0: x does not Granger-cause y), it,
therefore, can be concluded that lagged dynamic population does cause crime. (see
Appendix (p.149) for the results of Granger causality test (Tables 28))
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(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 22: Cross-correlation between Tharassment and TDynamicpopulation

(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 23: Cross-correlation between Tassault and TDynamicpopulation

The correlation coefficients were relatively higher in property and
harassment crimes than assault, robbery and drug crimes. This out-
come indicated that the population was a more significant influence
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(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 24: Cross-correlation between Trobbery and TDynamicpopulation

(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 25: Cross-correlation between Tdrug and TDynamicpopulation

on property crime and harassment crime than other crimes which can
be said to be more serious. In particular, assault and robbery crimes
showed narrow and low coefficients, which indicates the crimes are
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less likely influenced by the flow of the population than property and
harassment crime, which either targets goods rather than people or
are relatively minor crimes compared with assault and robbery.

For property crime, the results showed apparently different patterns
in private and public places. At private places, TD was negatively
correlated with TC in positive lags and positively correlated with TC
in negative lags, which indicates that when the dynamic population
increased, the crime decreases. Unlike the results from crimes at
private places, the changes in the population and the crime went
hand-in-hand at semi-private and public places. This demonstrates
the subtlety of the relationship between busyness and property crime.

Comparing harassment and assault crimes, the population increase
led to less harassment crime at semiprivate and public places but
more assault crime at semiprivate and public places. These outcomes
showed that the dynamic population influences on minor violent and
serious violent crimes differently even they occur at the same types of
places.

5.4.3 Spatial panel analysis

The modeling used the pooled Ordinary Least Squares (OLS) estima-
tion with all explanatory variables as a base model and the estimation
by spatial Durbin model (SDM) followed. The second model only com-
prised the population size variables from the census and the dynamic
population data (SDM (A)) and the third model included the social
disorganisation variables showing neighbourhoods sociodemographic
characteristics (SDM (B)). The last model (SDM (C)), the main model of
the current research, included all variables discussed in this research.
11

Table 7 shows the summarised results of SDM (C) for all crime types,
and the SDM (C) results of each crime reported in Table 9 and tables
in Appendix (p.154) together with their coefficients and P-values. First
and of most significance, the results showed that the coefficient of the
dynamic population is positive and significant (p < .1) for all crimes
except for crimes at private places. This outcome was consistent in
both SDM (A) and SDM (C) models, which means the effect of the
dynamic population was still significant after controlling the effects
of social and demographic variables. For crimes at private places, the
dynamic population turned out to be insignificant (harassment and
robbery) or negatively significant (assault (β = −0.014; p < .1) and
drug (β = −0.009; p < .05)).

11 To highlight the patterns found in analysis outcomes, the chapter reported 1) summary
of findings (SDM(C)) and 2) findings (All four models) of property crime at private
places as an example following the analytic process. See Appendix (p.154) for the
analysis results of other 19 crime types.
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Whereas the coefficient of residential population was positive and
significant for crimes at private places (property (β = 0.130; p < .01),
harassment (β = 0.127; p < .01), assault (β = 0.128; p < .01), rob-
bery; (β = 0.015; p < .01), and drug (β = 0.068; p < .01). Residen-
tial population turned to be insignificant or negatively significant
for most crimes at places allowing public access (property crime
at semiprivate (β = 0.343; p < .01), harassment crime at semipub-
lic (β = 0.006; p < .01) and public (β = 0.015; p < .01), assault
crime at semipublic (β = 0.006; p < .01), drug crime at semipub-
lic (β = 0.003; p < .01) and public (β = 0.024; p < .01)). It was clearly
observed that the population quantity variables therefore displayed
distinct results by crime place context but not necessarily crime types.
In contrast with the results of residential population displaying a sig-
nificant association with crime at private places, dynamic population
was found to be more likely associated with crimes at places that may
have more substantial in- out- flow of population12.

The variables of SES and the high-risk population presented a mix-
ture of patterns in particular by crime locations types. For most cases
of SES and vulnerable populations, the results showed that effects
of the variables were linked to crime rates but positively significant
only at crimes at private places, and negatively significant or insigni-
ficant at places open to the public. In particular, the level of poverty,
Black/Hispanic percentage of the neighbourhoods had a positive and
significant in crimes at private places, but the effects of these variables
were not shown at public places. The percentage of Hispanic/Black
in the community has been used a proxy for social stratification in
many studies and statistically, they account for the crime rates of the
neighbourhoods (Deaton, 2003). The results shown complied to this
argument only at private places but not in crimes at public places.

Consistent with social disorganisation theory, it was expected that
all social disorganisation variables included would demonstrate pos-
itive correlations, but the results did not conform with expectations.
Generally, the effect of these variables was negatively linked to crime
in most crime types in the panel model or marginal positive effects
were occasionally observed (the latter tended to be in private places).
Although the variables generated a negative effect in the SDM models,
the pooled OSL estimated for the coefficient in the model were more
likely to be positively significant as illustrated in the theory.

For the spatial regression models (Table 8), parameter estimates
consist of information about the spatial dependence structure among
the observations, a census unit in this research. Because any changes
in a single unit with a given explanatory variable will generate the

12 The outcomes from the first two analyses and SDM were not identical. It may be
caused by some general reasons such as employing different levels of spatial units for
the analysis. It also could be caused by SDM includes all timeframe into the model
and generates the average values of it, therefore, the model reflects the times when
both were low (most of time) highly.
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changes in the unit itself (a direct effect) and potentially affect nearby
units (an indirect effect), the model estimates should be interpreted
with spatial interactions with given variables (Takagi, Ikeda, and
Kawachi, 2012; Tientao, Legros, and Pichery, 2016; Li and Wu, 2017)
As regards the average impacts from neighbouring areas, the estimate
for the parameters W-dynamic population (the spatially weighted
coefficients of the dynamic population) was significantly different
from zero except for crimes at private places and robbery crime. In
particular, W-dynamic population was positive and significant at all
crimes at places accessible by the public, which means the increase
of the population can enhance the crime in adjacent neighbourhoods.
However, the spatially lagged social variables were not significant in
most cases especially in crime at private places, which means those
variables do not affect the neighbouring areas.

Table 7: Summary of all types of crime: by independent variables

Private Semiprivate Semipublic Public
Residential population

Property (+)*** (–)*** (+) (+)

Harassment (+)*** (–) (–)*** (–)***

Assault (+)*** (+) (–)** (–)

Robbery (+)*** (–) (–) (–)

Drug (+)*** (+)*** (–)* (–)***

Dynamic population

Property (+)*** (+)*** (+)*** (+)***

Harassment (+) (+)*** (+)*** (+)***

Assault (–)* (+)*** (+)*** (+)***

Robbery (–) (+)*** (+)*** (+)***

Drug (–)** (+)*** (+)*** (+)***

Education level

Property (–) (–)*** (–)** (–)*

Harassment (+) (+)*** (–) (–)

Assault (–) (+) (–)*** (–)***

Robbery (+)** (–)** (–)* (–)

Drug (+)** (+) (–) (–)

Employment status

Property (–)*** (–) (–)*** (–)***

Harassment (–)*** (–)*** (–) (–)**

Assault (–)*** (–) (–) (–)**

Robbery (–)*** (–) (–) (–)***
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Drug (–) (+)*** (–)** (–)***

Income

Property (+)*** (+)*** (+) (+)***

Harassment (+)*** (–)** (+) (+)

Assault (+)*** (–)*** (+) (–)

Robbery (+)*** (–) (–) (–)

Drug (+)*** (–)*** (–) (+)

Residential ownership

Property (+) (+)*** (–)*** (–)***

Harassment (–) (–)* (–)** (–)***

Assault (+) (+)** (–)*** (–)**

Robbery (+) (+) (–)*** (–)***

Drug (+)*** (–)*** (–) (–)**

Racial heterogeneity

Property (+)*** (+)*** (+)*** (+)*

Harassment (+)*** (+)*** (+)*** (+)***

Assault (+)*** (+)*** (+)*** (+)***

Robbery (+) (+)* (+)*** (+)

Drug (–) (+)*** (+)*** (+)***

Black young male

Property (+)*** (–)*** (–)*** (–)***

Harassment (+)*** (–)*** (–) (–)**

Assault (+)*** (–)*** (–)*** (–)***

Robbery (+)*** (–)*** (+) (+)***

Drug (+)*** (+) (–) (+)***

Hispanic young male

Property (+) (–)*** (–)*** (+)**

Harassment (+)*** (+) (–)*** (+)

Assault (+)*** (+) (–)** (+)***

Robbery (+)*** (+)** (–)*** (+)**

Drug (+)*** (+) (–)*** (–)***

* p<.1; ** p<.05; *** p<.01

Table 8: Summary of all types of crime: by weighted independent variables

Private Semiprivate Semipublic Public
W-residential population
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Property (+) (–)** (–) (–)***

Harassment (+)*** (–) (+) (–)***

Assault (+) (–)*** (–)* (–)***

Robbery (+) (–)*** (–)*** (–)*

Drug (–) (–)* (–)*** (–)

W-dynamic population

Property (–) (+)*** (+)*** (+)***

Harassment (–)** (+)*** (+)*** (+)***

Assault (–) (+)*** (+)*** (+)***

Robbery (–) (+)*** (+) (+)

Drug (–)*** (–)*** (+)*** (–)***

W-education level

Property (–)* (–)*** (–)*** (–)***

Harassment (+) (–) (–)*** (–)**

Assault (+) (–) (–)*** (–)

Robbery (–) (–) (–) (+)

Drug (–)*** (–)* (–)*** (–)***

W-employment status

Property (–)* (–)*** (–)*** (–)***

Harassment (–) (+) (–) (–)

Assault (+) (–)*** (+) (–)***

Robbery (+)* (–) (–) (–)**

Drug (+)*** (+) (+) (+)**

W-income

Property (+) (+)*** (+)*** (+)***

Harassment (–) (+) (+)*** (+)***

Assault (+)** (+)*** (+)*** (+)***

Robbery (+) (+)*** (+)*** (+)***

Drug (+)*** (+)** (+)*** (+)***

W-residential ownership

Property (+) (+)*** (+)* (+)***

Harassment (–) (+) (+) (+)***

Assault (–) (+)*** (+)*** (+)***

Robbery (+) (+) (+) (+)

Drug (–) (–) (+)*** (+)***

W-racial heterogeneity

Property (–)* (–)*** (–) (+)**
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Harassment (–) (–)*** (–)* (–)*

Assault (–)** (–) (–)*** (–)***

Robbery (–)* (+) (–)*** (+)

Drug (–)** (–)*** (–) (–)*

W-black young male

Property (+)*** (+)*** (+)* (+)

Harassment (+)*** (+)*** (+) (+)***

Assault (+)*** (+)*** (+)*** (+)***

Robbery (+)*** (+)*** (+)* (+)***

Drug (+) (–) (+) (+)***

W-hispanic young male

Property (–) (+)*** (–) (–)***

Harassment (–)*** (–)*** (+)* (–)**

Assault (–)*** (–)*** (+) (–)***

Robbery (–) (–)*** (+)** (–)

Drug (–)*** (–) (–) (+)***

* p<.1; ** p<.05; *** p<.01

Table 9: Property crime at private places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population 0.132*** 0.144*** 0.130***
Dynamic population 0.061*** 0.046*** 0.046***
Education level -0.024 -0.019 -0.011

Employment status -0.021*** -0.017*** -0.019***
Income 0.019*** 0.018*** 0.019***
Residential ownership 0.002 0.003 0.000

Racial heterogeneity 0.010*** 0.027*** 0.018***
Black young male 0.316*** 0.173*** 0.192***
Hispanic young male 0.028 0.048 0.018

Constant 0.003

Wx

Residential population 0.063*** 0.018

Dynamic population -0.032*** -0.014

Education level -0.033 -0.074*
Employment status -0.014* -0.012

Income -0.005 0.006
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Residential ownership 0.009** 0.004

Racial heterogeneity -0.010 -0.013*
Black young male 0.208*** 0.173***
Hispanic young male -0.052 -0.003

* p<.1; ** p<.05; *** p<.01

5.5 discussion

This research was designed to explore whether the dynamic popula-
tion data collected from social media – not fixed values of the place like
traditional census data – would be a useful new source of information
for future crime research. The current chapter utilised Twitter data to
examine the relationship between fluctuations in available population
and crime and, critically, is the first research that disaggregated this
for different place contexts and crime types.

The rhythm of places is shaped by the occupiers of the places.
Houses are often unoccupied during day and streets are sparsely
populated at night-time. As each individual has a regular routine,
each place has a routine and crime occurring at a place is affected by
the routine of that place. Therefore, measuring and understanding the
routine of places - the fluctuations of their population - allows crime
scientists to explore the complex relationships between crime and the
rhythm of the population.

From the three analyses presented above, a noticeable contrast
was found between crimes at private places and crimes at places
where there is public access, and between property crimes and violent
crime including robbery and assault. For property crime, a strong
positive relationship between dynamic population and crime was
found when it occurs at public places, but property crime at private
and semiprivate places which indicates a higher level of personal
guardianship showed a different outcome. For the first two analyses,
at private places, property crime decreased when the population
increased. Past crime pattern research argues residential burglars are
more likely to operate in the morning hours when the places are
unoccupied, the children are at school and the parents at work (Walsh,
1980; Lawrence and Cantor, 1982). We can assume theoretically the
increased population would be a guardian in the crime situation and
eventually reduce criminal opportunities.

According to the first two analyses, unlike property crime, violent
crime at private places increased when the population increases. In
the previous research on violent crime, researchers have argued that
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violent crime is context-sensitive crime and has a strong correlation
with subculture or local-culture, which means the violent crime should
be understood in the cultural context of people who reside in the
area (Wolfgang and Ferracuti, 1967; Daly and Wilson, 1989; Buss and
Dantely, 2007). As statistics also suggest, serious violent crime is more
likely to occur between those in intimate relationships than property
crime and the degree of intimacy between offenders and victims is an
important variable in violent crime situations (Dawson, 2006; National
Crime Victimisation Survey (NCVS), 2019). For violent crime at private
places, people who reside there can potentially be a criminal, a victim
and even take a role as a guardian. Violent crime, however, produced
a different pattern at places where the public can access depending
on the degree of violence. Dynamic population increase in these
places leads to less harassment crime but more assault, which can be
interpreted that the flow of the population might act as a guardian in
harassment crime but as more offender-target convergence in assault
crime.

For drug crime, the dynamic population only had a marginal or
negatively significant effect on crime. Although the crime is concen-
trated at micro places and specific situations (Weisburd and Mazerolle,
2000), markets can operate independent of the general population.
Drug crime is defined as drug possession or use, violent behaviour
resulting from drug effect, violence against drug dealers or rival drug
dealers and so on (Bureau of Justice Statistic, 2007). Technically, it
is crime committed by a specific group of people who sell/buy and
use the illegal item (Curtis, 2016) therefore the crime is less likely to
be influenced by the dynamic population who represent the regular
movements of the majority of people.

The result of the SDMs both supports and conflicts with some of
the findings of the earlier analyses including a visual assessment and
CCA analysis. However, it does demonstrate a differential effect of
the dynamic population on crime in private spaces compared to other
types of crime. In other places, it is positively correlated with crime
across the board. This is a more consistent result than for the census
residential population and demonstrates that the dynamic population
appears to have particularly good discriminatory power at explaining
the relationship between crime and population within different types
of places.

Future research may consider other spatiotemporal units which may
generate different outcomes. As with many of the initial studies on
the relationship between dynamic population and crime (see Malleson
and Anderson,2015a; 2015b; 2016), the research here has used the
census unit that has been used fairly frequently in the crime literature
for ease of modeling and comparison. The fact that private spaces
differ in crime profiles over time from other spaces demonstrates that
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the unit of analysis selected is likely to have a large impact on results
and this could usefully be investigated as a follow-up study.



6
M O B I L E P O P U L AT I O N E M O T I O N PAT T E R N S

6.1 introduction

Emotions are a snapshot of human behaviours. We all experience
a range of emotions as an automatic appraisal of stimuli that we
are facing in our daily lives, and emotions take an inherent part
in courses of action in particular situation recognition, interactions
with others, and decision making processes (Smith and Ellsworth,
1985; De Rivera, 1992; Watson and Spence, 2006). In that sense, crime
scientists have come to a consensus that emotions are intrinsically
related to behavioural and cognitive process of reaching a criminal
choice or creating a criminogenic environment, and some effort has
been made to integrate emotional aspects into criminology to fill the
holes that traditional theories leaves (Van Gelder et al, 2014; Wortley,
2001). Up until recently, the effort has been focused on theorising
conceptual frameworks generally produced by qualitatively-oriented
criminologists with narrative and ethnographic approaches, and the
empirical studies have not kept pace with the conceptual development
(Van Gelder et al, 2014; Walters, 2015). This delay is attributed to a
lack of data which can be quantified in a way that reveals emotions
in a moment of crime, and also a difficulty in producing simple and
valid measurement methodologies.

Unlike previous data collected using qualitative methods, social
media data can capture emotions, which are exhibited in day-to-
day online communications, of a large population spatio-temporally.
The data is not limited to representing criminals’ emotions but also
captures emotions of other actors who are involved in immediate
situations of crime. Analysing these emotions, therefore, can provide
a more holistic view of the effect of emotional settings on crime which
has not been fully analysed in spite of a well-established theoretical
basis on the emotion-behaviour interaction (which is detailed below
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in ’Background literature and theoretical rationale’ of the current re-
search). The research described in this chapter has two main aims. The
first is to understand micro-situations of crime, particularly employing
crime behaviour settings which is repeatedly observed in a spatiotem-
poral unit, in relation to emotions exhibited in social media posts.
The second is to propose a conceptual framework on how such data
should be understood and utilised within criminological approaches
as a potential source of future crime prediction research.

6.2 background literature and theoretical rationale

6.2.1 Emotions as a mirror of crime situation

In spite of the evidence that emotional processes play a fundamental
role in crime and crime situations, these processes have not received
enough attention in criminology (Van Gelder, 2014; Van Gelder, 2016).
Because the role of emotions in criminal behaviours - either indir-
ectly mediated by emotions or directly caused by emotions - has been
discussed broadly (but often briefly) in criminological theories, there
was a need to be selective in this research when building a concep-
tual framework. The following review covers concepts which discuss
emotional states as a vital element of criminal behaviours at two dis-
tinguishable levels; individual emotions and collective emotions, and
how the emotional status of actors - criminals, victims, as well as third
parties who are obliquely involved in the event as a background -
influence crime situations.

Emotions as mediators or precipitators of criminal choice making
Unlike deterministic perspectives, rational choice perspectives ex-

plain crimes as a result of choices made by rational decision makers.
As an economic approach, ’rational choice’ was built upon the utilit-
arian foundation which perceives a human decision as the all-things-
considered achievement of goals (Baron, 1999, as cited in Van Gelder
et al.2014). Rational choice perspectives describe crime behaviours
as an outcome of reasoned decisions made by would-be offenders
who seek to benefit themselves through committing crime (Clarke and
Cornish, 1985; Leclerc and Wortley, 2013; Van Gelder et al., 2014).

Clarke and Cornish (1985) claimed that the offenders are active in
the crime decision making process and are not passive actors whose
behaviours are purely and easily predictable based on a given dis-
positional condition (Leclerc and Wortley, 2013). Hence, offenders
rationally weigh up the risks and benefits before making a decision
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to commit an offence. As stated, Cornish and Clarke do however ac-
knowledge that rationality is endangered by situational contexts such
as emotions and cognition (they refer to ‘bounded rationality’), but
the original work does not integrate emotions more deeply into the
theory (Walters, 2015; Wortley, 2015).

According to the studies inspired by rational choice approaches1,
rationality can be compromised by negative emotions such as severe
anger and frustration, and constant stress, which eventually prevents
rational and deliberate choice and leads to impulsively and risky de-
cision making (Piquero and Tibbetts, 2002; Zafirovski, 2013). Topalli
and Wright (2014) also reported that predatory street offenders who
are exposed to constant stress due to a rough lifestyle are more likely
to be involved in criminal behaviours as their emotional states drive
them to be irrational in decision making process easily. In a study
based on self-reported data from 76 robbery offenders, Lindergaard et
al. (2014) found that the offenders are influenced by various emotions
throughout criminal choice processes - in particular happiness, chal-
lenge, shame, anger and fear - and, criminals experience fear (before
robbery) and happiness (after robbery) intensely while committing
crimes (Lindegaard et al., 2014). Research with ordinary students as
participants also suggests similar emotional influences - here that
anger leads to unethical behaviours (Shalvi, Van Gelder, and Van Der
Schalk, 2013). The study found that because aggressive emotions jus-
tify unethical behaviours, in this state people weigh the rewards and
satisfaction from the behaviours heavily (Shalvi, Van Gelder and Van
Der Schalk, 2013).

Richard Wortley (2001; 2006) argued that the person-situation inter-
action is more complex than rational choice approaches suggest and
proposed the concept of situational precipitators of crime (Wortley,
2001; Wortley, 2006). Whereas the rational choice model explains the
situational contexts such as emotional provocations and precipitators
as elements of a ’cold’ decision making process, Wortley argued that
situational contexts can encourage certain internal states/dispositions
of offenders and called for a modification of rational choice theory
(Wortley, 2006; Newman and Freilich, 2013).

In Wortley’s model of causation, immediate situational precipitators
such as a series of stresses, frustrations and aggression were con-
templated as a catalyst intensifying the motivation to commit crime

1 The role of emotions in decision making processes has been also studied in the
field of cognitive neuroscience, explaining the differences in the decision caused
by the neurocognitive capacities of individuals (Blakemore and Robbins, 2012; Van
Gelder et al., 2014). A study on the relationship between emotional states and
decision making found that when adolescents experience high arousal emotions and
are under pressure, they are more likely to make more risky decisions than adults
(Blakemore and Robbins, 2012). Although the concept researched within psychological
perspectives are very important for studying crimes of certain groups (i.e. juvenile,
the mentally disabled), it was not reviewed in the current study which was conducted
in the criminological perspectives and not targeting a relevant group.
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(Wortley, 2006). This idea has been supported by a substantial amount
of empirical studies. According to a series of Homel’s studies, situ-
ational and emotional stimuli at night clubs including overcrowding,
interactions with rude patrons, and intoxication are strongly linked
with a high risk of aggression and subsequent violent crimes (Homel
et al., 1992; Macintyre and Homel, 1997; Graham and Homel, 2012).
The following studies on bars/pubs or sport-related violence also
found that immediate environmental conditions such as rowdiness or
a permissive environment (Graham et al., 2006); intoxication (Wells
and Graham, 2009); frustration caused by a bad sports performance
(Graham et al., 1997; Priks, 2010); and high levels of arousal due to
alcohol consumption (Fortes, 2013; Fitzpatrick, 2015) raise severe ag-
gression and violent behaviours (Graham et al., 1997; Graham et al,
2006; Wells and Graham, 2009; Priks, 2010; Fortes, 2013; Fitzpatrick,
2015).

Emotions as a prerequisite of criminal behaviours
While in rational choice approaches, emotions act as mediators or

precipitators in the process of criminal decisions, other scholars per-
ceived emotions, in particular, aversive and aggressive emotions, as an
essence forming individual disposition. Stated differently, the former
states that emotions create immediate criminogenic situations which
trigger criminal motivation, but the latter propose that emotions shape
distinct criminality, which in turn, would make some individuals more
likely to become aggressive and engage a negative action.

General strain theory (GST) says strain such as stress, anger, frus-
tration, and depression motivates criminal actions as one method of
coping with these negative emotions (Agnew, 1992). Agnew (2006) ex-
plained the mechanism that such strains tend to create low self/social
control, increasing the incentive for coping through criminality and
leading to the alleviation of strain through the commission of criminal
behaviours (Agnew, 1992).

GST also incorporates ideas from Merton’s (1938) strain theory
which argues that strain can be caused by structural constraints that
exist in our society. Robert Merton (1983) stated that when individuals
cannot achieve a cultural goal that is socially accepted (i.e. American
dream, success and material wealth) by socially-acceptable means,
the pressure they feel can lead to deviant behaviours. Merton (1938)
briefly and indirectly mentioned how emotions act when individuals
respond to this strain but did not precisely explain why and how
emotion is associated with the behaviours. According to Merton (1938),
greater stress and strain in achieving desired goals vitiates emotional
commitment to institutional rules, which eventually leads to deviant
behaviours (1938).

Agnew (1992) focused on the strain itself. Rather than discussing
frustration of not being able to achieve a goal in the societal structure,
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he suggested a source of frustration from individual level circum-
stances such as relationships with others, especially family and friends
(Agnew, 1992).

In follow-up research, Agnew (2012) introduced a concept, crim-
inogenic strains and argued that a certain type of strain contributes
to criminogenic traits more than others. Depending on sources and
magnitude (intensity, frequency and continuity) of negative emotions,
certain types of emotions would be perceived of as more severe and
unjust and generate much anger (Agnew, 2001; Agnew, 2015), which
eventually increase likelihood of coping with the emotions through
criminal behaviours (Agnew, 2017). He also noted that some types of
aversive emotions can reduce crime if they are not overly harsh and
are raised in close and trusting relationships (Agnew, 2015).

Additionally, Agnew differentiated between short- and long-lived
emotions. Whereas Agnew focused on state anger (the frequency of
angry episodes) which refers to a transitory emotional condition in
response to a frustrating situation, trait anger (long-term or chronic
anger) representing a personal disposition toward strain, was also
discussed in the theoretical accounts (Agnew, 1995; Jang and Agnew,
2015). Jang and Agnew (2015) noted a correlation between trait anger
and state anger as individuals with different levels of trait anger would
react differently in frustrating situations. For example, individuals
who have high degrees of trait anger easily and intensively exhibit
state anger more frequently than individuals with lower levels of trait
anger (Jang and Agnew, 2015).

Emotions as an element shaping criminal situations
A further theoretical approach focuses on understanding collective

emotions toward crime and their effect on neighbourhood crime rates.
Unlike the individual-level perspectives, which research the effects
of emotions on a specific criminal act, collective level approaches are
mainly interested in how emotions shape collective behaviours of a
group of people and how these influence crime situations. At the
neighbourhood level, a specific emotion - fear of becoming a victim -
has been most intensively studied in the past decades. This approach
suggests that emotions such as a high level of worry and fear reduce
the capacity for informal social control in a neighbourhood, which
is more likely to lead to higher crime rates (Garofalo, 1981; Wilson
and Kelling, 1982; Baumer, 1985; Markowitz et al., 2001; Taylor, 2001;
Robinson et al., 2003).

This framework was built on social disorganisation theory by sub-
dividing a path linking community social/physical disorder and crime.
In the rationale negative emotions among residents created from
neighbourhood disorder make the residents not want to live the neigh-
bourhood (and physically withdraw) and less likely to intervene in
antisocial behaviour (hence socially withdraw). In turn this weakens
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the capacity of the neighbourhood to deliver social control and col-
lective efficacy, which eventually escalates neighbourhood crime rates
as deviancy goes unchallenged (Skogan, 1990; Sampson et al., 1997;
Sampson and Raudenbush, 1999; Morenoff et al., 2001; Hipp, 2007).

Although these theories emphasise the role of emotions creating
criminal environments, most empirical studies have focused on the
causes of fear or its effects on social integration and not necessarily
examined the emotion itself in relation to actual crime levels. For
example, Jackson and Gray (2009) noted people’s behavioural patterns
such as locking up the entrance well, Bellair (2000) observed an in-
creased awareness about victimisation, and Melde, Berg, and Esbensen
(2016) found constraining people’s routines such as avoid socialising
with delinquent friends or exposure to risky social settings, but these
assume rather than measure the fear that has caused these behavioural
changes.

There are some studies that have conceptualised the influence of fear
on a decrease in crime rates in a certain type of neighbourhoods (Hipp,
2007; St. Jean, 2007). Hipp (2007) argued that the residents of socially
disadvantaged neighbourhoods cannot physically withdraw from
where they live, therefore they are forced to maintain informal social
control even with high negative emotions toward the neighbourhood
and are thus more likely to intervene criminal behaviours. He, however,
underlines that the assumed mechanism should carefully consider the
physical and social structure of neighbourhoods. By contrast, Agnew
(2009) asserts that collective negative emotions will increase crime. He
argued that collective strains instigate more negative emotions among
individuals in group settings which reduces social control, which is a
necessary feature in keeping individuals in legal channels (Agnew et
al., 2009)

To sum up, the theories reviewed in the current research argue
that emotions are involved in different stages of crime behaviours
including developing criminal inclination (Agnew, 1992), precipitat-
ing criminal motivation (Wortley, 2001), mediating criminal decisions
(Clarke and Cornish, 1985) and lastly creating criminal environments
by collective behaviours (Sampson et al., 1997; Hipp, 2007). The the-
ories also highlight that emotions have distinct relationships with
crime depending on types and magnitude of emotions. For instance,
some type/level of emotions encourage criminal actions because the
emotions lower concern over the consequences of the actions and the
ability to legally cope (Katz, 1988; Collins, 2008; Agnew, 1992; Ag-
new, 2015). Others develop crime preventive coping strategies which
minimise the possibility of becoming a victim of crime (Swaray, 2006;
Hipp, 2007).
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6.2.2 Emotional analysis for crime prediction

A number of empirical studies analysing emotions in social media
texts have been published, the majority dealing with public feedback
toward societal topics or products. Examples are emotions in response
to political issues such as elections and political orientation (O’Connor
et al., 2010; Tumasjan et al.,2011; Preotiuc-Pietro et al., 2017), financial
issues such as the stock market (Bollen et al., 2011; Sul, Dennis, and
Yuan, 2017; Chen and Chen, 2019), breaking news or popular events
-such as the death of Michael Jackson, Oscars, and Tiger Woods’ confes-
sions (Kim et al., 2009; Thelwall, Buckley, and Paltoglou, 2010; Lee and
Goh. 2013)- or health-related issues such as suicide and vaccination
(Ueda et al., 2017; Blankenship et al., 2018). In general, detecting emo-
tions hidden in the texts focuses on exploring the data as a possible
supplemental tool to survey emotional opinions toward such topics.

Some studies simply classify emotions into two sentiment groups,
positive and negative to measure public sentiment toward popular
events (Thelwall, Buckley, and Paltoglou, 2010). Bollen, Mao, and
Pepe (2011) used six-dimensional mood including tension, depression,
anger, vigor, fatigue, confusion to capture collective emotional trends
on socio-economic events such as the U.S. presidential campaign and
election, the failure of several large international banks and the Dow
Jones significant dropping (Bollen, Mao, and Pepe, 2011). Bermingham
and Smeaton (2010) categorised three sentiment groups (positive,
negative, mixed) and a non-sentiment group (neutral) to monitor
public sentiment on political campaigns and elections. Kim and her
colleagues used the Affective Norms for English Words (ANEW)
database which consist of 1,034 words representing three emotional
dimensions; valence (pleasure vs. displeasure), arousal (excitement vs.
calmness), and dominance (strength vs. weakness) to measure public
emotions on breaking news (Kim et al., 2009). While such studies
employed a simplified classification to capture the contrast between
polarised emotions such as like or dislike, more recent studies have
focused on developing algorithms reflecting basic emotions such as
anger, disgust, fear, happiness, sadness, and surprise and explored
their validity in capturing emotions on social media texts (Roberts
et al., 2012). These studies demonstrate that there is a precedent for
using social media data to represent human emotions.

6.3 methods

The two core datasets have already been described in Chapter 4. To Note: see the section
about ’Data’ in
Chapter 4 (p.36)

recap, these are the crime data and social media feeds in the region of
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NYC between the dates of 1st of January, 2013 and 31st of December,
2013. The research in this chapter required production of new datasets
that can measure emotions using social media data as the source. This
involves the extraction of these emotions from each post and then the
aggregation of the emotions into the selected spatiotemporal unit.

6.3.1 Measurement

Emotion variables
The emotion variables are measured by IBM Watson Tone Analyser2

which extracts probable emotions from text fields. The program re-
turns the results in two different categories, an emotional tone and
a language tone 3 and the current research only utilised the emotion
tone. The emotional tone consists of four emotions, Anger, Fear, Joy
and Sadness and the definition of each emotion is given below.

NOTE
Some of the language which is used in the following research is
offensive. Given the informal nature of messages of social media, the
messages include swearwords in the expression of emotions, it was
necessary for clarity, to refer to these in their raw form.

Anger Anger is evoked due to injustice, conflict, humiliation, neg-
ligence, or betrayal. If anger is active, the individual attacks
the target, verbally or physically. If anger is passive, the person
silently sulks and feels tension and hostility.

2 IBM Watson Tone Analyser (www.ibm.com/watson/services/tone-analyzer/) is the
psycholinguistic analysis tool pioneered by IMB and designed for detecting and
interpreting emotional cues observed in texts including punctuation and emoticons.
The program was originally proposed for a commercial purpose such as enhancing
customer service or understanding people’s feedback on brands and products newly
realised.

3 Language tones in IBM Watson Tone Analyser is not included in the research. Al-
though emotions and feelings arise in momentary response to stimuli (Brown, 2003),
tones are close to attitude toward a subject displaying a writer’s intentions (Sinha,
2006) so that the examples of the tone would be polite, sarcastic, arrogant, kind and
so on. According the program description provided IBM, the language tone provides
how analytical, confident and tentative one’s post is (Sinha, 2006).

Analytical An analytical tone indicates a person’s reasoning and analytical attitude
about things. An analytical person might be perceived as intellectual, rational,
systematic, emotionless, or impersonal

Confident A confident tone indicates a person’s degree of certainty. A confident
person might be perceived as assured, collected, hopeful, or egotistical

Tentative A tentative tone indicates a person’s degree of inhibition. A tentative
person might be perceived as questionable, doubtful, or debatable
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Examples: "I’m so fucking stressed out omg", "It’s so annoying how
the school doesn’t let us in until 8:30 on the dot Because of that
we are all technically late when we sign in stupid", "So pissed off
This line for the bus is ridiculous"

Fear Fear is a response to impending danger. It is a survival mech-
anism that is triggered as a reaction to some negative stimulus.
Fear can be a mild caution or an extreme phobia.

Examples: "Scary streets", "I know that wasn’t an earthquake. Why
this building shaking?", "At this point I’m scared"

Joy (Happiness) Joy has shades of enjoyment, satisfaction, and pleas-
ure. Joy brings a sense of well-being, inner peace, love, safety,
and contentment.

Examples: "Watching friends still laying on the couch lol", "That
nap was what I needed Feel good now", "Finally got a new phone
charger"

Sadness Sadness indicates a feeling of loss and disadvantage. When a
person is quiet, less energetic, and withdrawn, it can be inferred
that they feel sadness.

Examples: "Late work night cancelled my social plans but at least I
can get a workout in", "do i even exist anymore", "People have
insecurities that others won’t ever be able to fix :("

Swearing Variable
The lists of swear words were imported from Thelwall’s ’swear

word selection’ (Table 10) (Thelwall, 2008). The word was composed
of nearly 100 swear words and classified by strength of the swearing
words guided by the British Board of Film Classification (Thelwall,
2008; quoted in McEnery, 2005). In this research, the strength scale
was not considered as all swearing words were simply merged as an
indicator of aggressive/negative emotions.

Table 10: A list of swear words

Swear words Strength

Cunt, jew, motherfuckin, motherfucking, muthafucker,
muthafuckin, mutherfucker, nigga, niggah, niggas, nig-
gaz, nigger, nigguh, paki

Very strong

Fuck, fucked, fucken, fucker, fuckin, fucking, fuckstick,
spastic

Strong

Arsehole, asshole, bastard, bollock, cock, dick, gay, piss,
pissin, pissing, poof, poofter, poofy, prick, pussy, queer,
shag, shagged, shagging, twat, wank, wanker, wanking,
whore

Moderate
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Arse, arsed, ass, bitch, bugger, butthole, christ, cow, dick-
head, dipshit, fanny, fart, jesus, moron, pissed, retard,
screw, screwed, screwing, shit, shite, shithead, shittin,
shitty, slag, slagged, slut, tit, titties, tosser

Mild

Bap, bimbo, bird, bloody, bonk, bonking, boob, bullshit,
butt, butthead, crap, damn, dork, dorky, git, god, hell,
hussy, idiot, jerk, jug, knocker, pig, pillock, pimp, sod,
tart, tarty, turd, wuss

Very mild

Emotional atmosphere variable
An emotional atmosphere variable was calculated using the four

emotions (anger, fear, joy and sadness) using Shannon’s equitability
index (EH), which is widely used to measure species richness and di-
versity in a given community (Shannon and Weaver, 1949; Spellerberg
and Fedor, 2003). The index takes the number of emotions present
(richness) and the number of individuals per emotion (abundance)
into account and provides a mathematical value of abundance and
evenness of the emotions present (Shannon and Weaver, 1949; Shel-
don, 1969). The equitability index is calculated by dividing H (the
Shannon’s diversity index) by Hmax (Hmax=lnS). The proportion of
individual emotion (pi = n/N) is calculated by the number of one par-
ticular emotion found (n) and the total number of individuals found
in a given spatiotemporal unit (N). The resulting value is between
0 and 1 and higher values indicate that emotions are more evenly
distributed and that a unit has more diverse emotions.

EH = H/Hmax = H/lnS (3)

H = −
s

∑
i=1

pilnpi

6.3.2 Analysis methods

For the units of analysis, street segments and hour (24 hours) were
chosen. The final data consisted of 11,836 geographic units by 24 Note: see the section

about ’Research
Units’ in Chapter 4
(p.42)

temporal units between the 1st time slot (00:00-00:59) to 24th time
slot (23:00-23:59). The analysis began with the identification of emo-
tions using IBM Watson Tone analyser. Each message was recorded
against the corresponding emotion if the program detected it from the
text and the emotion variables were coded dichotomously. If a text
obtained multiple emotions, all identified emotions by the program
were recorded. The number of incidents of each emotion were then
aggregated to street segments for each of the temporal units, along
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with a simple count of the total number of tweets. After completing
the coding process, the sum of each emotion and the equitability index
of each spatiotemporal unit was calculated. Collectively, the final data
generated included the number of crimes and three formats for each
emotion in each street over time; 1) the sum of each emotion (Anger,
Fear, Joy(Happiness) and Sadness), 2) the sum of swearing and 3)
emotional evenness (Figure 26). A panel data model (two-way fixed
effects negative binomial model) was chosen to estimate the effects of
the emotion variables on crime.

Figure 26: The list of independent variables

Panel data model
The count of the number of crimes that occurred in each street

segment in each time unit was the dependent variables (five crimes
at four different places; property, harassment, assault, robbery, and
drug crime at private, semiprivate, public and semipublic) in the
models. As crimes are rare events and the data is counts, the data
contains considerable amounts of zero which create over-dispersion in
a Poisson model. Therefore, negative binomial modelling 4 is selected.

The model considers omitted variables which are constant over time
and varies between streets but not within streets, and those which
can possibly vary over time but are constant across all street segments
(Charbonneau, 2012; Jorgenson, Rice and Clark, 2012). In considering
the spatial patterns of crimes, there is a strong assumption that crime
would be linked to place-specific attributes which do not vary over
time. Recent research has found that a large proportion of crime
is concentrated at a limited number of street segments (Weisburd,
2015) and these findings suggest that the model should not ignore
the time-invariant latent characteristics of each street. There is also a
possibility of time-specific unobservables on crime which could make

4 A negative binomial distribution of panel data with expected value and variance are
given by E(Yit) = λit, var(Yit) = λit(1 + θi). Unlike the mean and the variance are
both equal (λit) in the Poisson distribution, the variance of the negative binomial
distribution exceeds the mean, over-dispersed. From the over-dispersion parameter
test results, the null hypothesis (H0:α=0) was rejected in all cases indicating that the
model should use negative binomial distribution. When comparing the results with
Poisson and negative binomial model has higher the values of log-likelihood
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an omitted variable bias in the model. For the crime data, a cyclic
fluctuation in criminal opportunities would generate bias (Raphael
and Winter-Ebmer, 2001), hence mitigating unobserved time effects
such as time/day/year effects has been considered important to the
production of reliable statistical results (Baltagi, 2006).

Both error terms were considered as fixed effects. Intuitively, it is
hard to assume the error terms would be drawn independently from
probability distributions because the data represents all individuals
in the target area not a randomly selected sample. The F-test5 and
Hausman’s specification test results also showed that fixed effects
modelling is suitable for in this case rather than random effects 6. These
results justified the extension of the model to incorporate geographical
and time-period fixed effects.

After all, two-way fixed effects negative binomial model 7 was
chosen as appropriate and is expressed as follows (Baltagi, 2008).

Yit = βXit + ε it (4)

ε it = µi + vt + eit

where i denotes an index of the spatial units with i=1,..., N, and t is a
temporal index with t=1, .., N. Yit denotes the dependent variable, Xit
represents each explanatory variable, and β is the coefficient for that
independent variables. For the error terms, µi is unobserved individual
effects, vt controls unobserved time effects, and eit is an error term
which varies by both time and individual.

6.4 results

6.4.1 Descriptive statistics

Among the total messages collected in the target area, any emotions
were observed for 49.51 per cent of the total posts (257,216 out of
519,561 posts). The four emotions - anger, fear, joy and sadness - were
collected from 36.93 per cent of the total and 866 posts have more
than two more emotions (Table 11). Joy was the most prevalent (25.58

5 In all cases, the null hypothesis (H0 : µi = 0 and H0 : vt = 0) of the F-test was
rejected. It confirms the presence of group and time fixed effects which would bias
the estimates of the relationship.

6 The null hypothesis of Hausman test (H0 :cov(xi t, µt)=0) was rejected in all cases. The
results indicate that the estimation using random effects would include endogenous
bias (see Appendix (p.165) for the results of Hausman’s specification test (Table. 53)).

7 The time specific effects were included into the model as dummy variables and the
total social media posts created each analysis unit was included as a control variable.
The model also controls/drops the streets with no crime or dynamic population in
the analysis as it considers them as an time-invariant values/stable characteristics.
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percent of the total posts) followed by sadness (7.04 percent), anger
(3.42 percent), and fear (0.89 percent). Swearing was observed in 26.1
percent of the total (Figure 27). Table 12 contains the descriptive stat-
istics of emotional atmosphere, calculated by Shannon’s equitability
index.

Figure 27: The list of emotion variables

Table 11: Descriptive Statistics: overlap of emotion variables

Anger Fear Joy Sadnesss

Anger -

Fear 93 -

Joy 18 2 -

Sadness 350 259 0 -

Table 12: Descriptive Statistics of emotional equitability index by crime
types

Variable obs Mean Std.Dev. Min Max
Property

Private 2,047 0.28 0.23 0 1

Semiprivate 3,191 0.27 0.20 0 1

Semipublic 612 0.26 0.21 0 1

Public 3,260 0.28 0.22 0 1

Harassment

Private 1,616 0.30 0.24 0 1

Semiprivate 1,261 0.26 0.20 0 1

Semipublic 183 0.27 0.23 0 1

Public 1,400 0.27 0.22 0 1
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Assault

Private 1,324 0.30 0.25 0 1

Semiprivate 1,034 0.27 0.21 0 1

Semipublic 193 0.30 0.25 0 1

Public 1,928 0.27 0.23 0 1

Robbery

Private 395 0.30 0.26 0 1

Semiprivate 459 0.28 0.21 0 1

Semipublic 98 0.27 0.24 0 1

Public 1,027 0.28 0.24 0 1

Drug

Private 360 0.30 0.28 0 1

Semiprivate 164 0.28 0.20 0 1

Semipublic 86 0.24 0.24 0 1

Public 1,314 0.28 0.25 0 1

6.4.2 Panel analysis

The pooled Ordinary Least Squares (OLS) estimation with all explan-
atory variables was used as a base model and a series of estimations
using two-way fixed effects negative binomial (FENB) models followed.
The second to fourth models comprised each base emotion (anger,
fear, joy (happiness) and sadness) (FENB (A)), swearing (FENB (B)),
and emotional equitability (FENB (C)). The last model (FENB (D)), the
primary model of the current study, included all explanatory variables
discussed in this research 8.

Table 13 shows the summarised results of FENB (D) for all crime
types and the findings from OLS models were reported in Table
14). Most relevant theories make a distinction between transitory
and stable emotions and argue that both emotions are profoundly
interrelated to each other in crime situations. For example, when
individuals are exposed to the same level of provocative stimuli, we
cannot assume that they would respond in the same way because
individuals accept/judge the stimuli differently. For these reasons, to
compare the results of the relationship between emotions and crime
with and without temporal effects, both OLS and FENB summary
results were reported. Applying Agnew (1995)’s concepts, the results

8 To highlight the patterns found in analysis outcomes, the chapter reported 1) summary
of findings (OLS and FENB (D)) and 2) findings (All five models) of property crime
at private places as an example following the analytic process. See Appendix (p.165)
for the analysis results of other 19 crime types.
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of FENB and OLS were labelled as emotional atmosphere which refers
to transitory emotional condition on crime (FENB in Table 13), and
emotional traits which indicates general tendency (OLS in Table 14),
the relationship between emotions and crime rates of places with
no temporal perspectives. The OLS and all FENB (A, B, C, and D)
results of each crime reported in Table 15 and in Tables 54 to 72 in
Appendix (p.165) together with coefficients, incidence rate ratios (IRR)
and P-values.

Emotional states and crime
The FENB (D) results (Table 13) showed anger has positive and

significant effects on harassment crime at public places (IRR=1.072;
p<.1) and assault crime at private (IRR=1.092; p<.05) and semiprivate
places (IRR=1.116; p<.01), but negative and significant effects on prop-
erty crime at semiprivate places (IRR=0.972; p<.1) and public places
(IRR=0.926; p<.01). It also can be read that for every unit increase in
anger, there were 9.2 per cent increase in the incidence of assault crime
at private places, 11.6 per cent increase in the incidence of assault
crime at semiprivate places and 2.8 per cent and 7.4 per cent decrease
in the incidence of property crime at semiprivate and public places re-
spectively. The results indicated that anger is more likely to be related
to violent crimes but less likely to be correlated with property crimes.

For fear, negative and significant effects were found at assault
crimes at semiprivate places (IRR=0.721; p<.01), robbery crime at
private places (IRR=0.491; p<0.1), and drug crime at semipublic places
(IRR=0.610; p<0.1). Joy displayed positive and significant effects at
property crimes at private (IRR=1.022; p<.05), semiprivate (IRR=1.026;
p<.01), and public places (IRR=1.017; p<.01), which indicates that
property crimes would be highly increased by joy, a positive emotion.
Assault crime at semipublic places (IRR=1.049; p<.1) and drug crime
at public places (IRR=1.024; p<.01) were also related positively with
joy. Lastly, sadness had negative and significant effects on property
crime at semiprivate places (IRR=0.982; p<.1) and positive effects on
assault crime at public places (IRR=1.055; p<.01) and drug crime at
semiprivate places (IRR=1.346; p<.01). The outcome showed fear tends
to be associated with less crime, unlike sadness even though both
emotions were categorised negative emotions.

Compared with the four base emotions, swearing and emotional
evenness showed significant and consistent effects on crime espe-
cially with crimes at semiprivate places. Swearing variables were
positive and significant at all crimes at semiprivate places (property
(IRR=1.047; p<.01), harassment (IRR=1.034; p<.05), assault (IRR=1.041;
p<.01), robbery (IRR=1.145; p<.01), and drug (IRR=1.085; p<.01)).
The emotional equitableness was positively related with crimes at
semiprivate places except for drug crime (property (b=1.540; p<.01),
harassment (b=1.603; p<.05), assault (b=1.646; p<.01), and robbery
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(b=1.522; p<.01))9, showing that evenness of emotions were found to
increase crimes at semiprivate.

Because emotion variables were not statistically significant in most
cases, only a few recognisable patterns were observed from the FENB
(D) model. Crimes at semiprivate, a place type that attracts many
visitors, increased with more swearing and emotional evenness, which
indicates the moment when a place has diverse emotions, not a single
emotion, the likelihood of crime increases. Most importantly, the
findings from FENB suggested that groups of negative emotions do
not have a consistent impact on crime and generate distinct influences
on crime. For example, assault crime at semiprivate places increased
by 11.6 per cent in anger but decreased by 27.9 per cent in fear. Anger
was also related to violent crime and property crime differently. The
effects of anger were positive at assault crime but negative with the
number of property crime.

Emotional traits and crime
Table 14 shows the summary results from the OLS analysis. Without

taking into account the temporal effects, all emotion variables gener-
ated more significant results in general.

For every unit increase in Anger, property crime decreased by 11.3
per cent at semiprivate (IRR=0.887; p<.01), 20.9 per cent at semipub-
lic (IRR=0.791; p<.01), and 14 per cent at public places (IRR=0.860;
p<.01) but assault crime at private places and drug crime at private
places increased by 25.9 per cent (IRR=1.259; p<.01) and 44.9 per cent
(IRR=1.449; p<.01) respectively.

Fear had negative and significant effects on property crime at pub-
lic places (IRR=0.901; p<.1), violent crimes, harassment and assault
at semiprivate places (harassment (IRR=0.826; p<.05) and assault
(IRR=0.618; p<.01)) and robbery crime at private places (IRR=0.377;
p<.01) but had positive effects on robbery at semipublic places (IRR=1.739;
p<.1). These results are supported by previous research that has
demonstrated the positive effects of fear on crime which leads to
a constraining risk behaviours and strengthening social cohesion at
the collective level (Bellair, 2000; Hipp, 2007; Melde, Berg, and Es-
bensen, 2016). In particular, the positive role of fear was found in
violent crimes at semiprivate places.

In contrast with the results of anger and fear, joy and sadness were
found to be positively associated with crimes. Joy increases property,
harassment, and drug crimes at all types of places, and crimes at
places allowing public access. Sadness was found to increase crimes at
private places except for drug crime, which means that private places
with a sad climate are more likely to experience crimes. From the

9 The IRR values of the equitability index are not reported. Since the index is a ratio
not an absolute amount like other dependent and independent variables, IRR values
which represent the effect of every unit increase on dependent variables did not
generate meaningful outcomes.
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OLS results, swearing appears to have positive effects on crimes at
semiprivate places, displaying the same patterns found in the FENB
results. The equitability of emotions was positively related at most
crime cases, which indicates that the balance of emotions is interrelated
with crimes positively even when time effects were not included. This
results generally suggest higher emotional equitability of places can
lead to more crime.

Table 13: Summary of all types of crime: by the types of emotion (FENB (D))

Private Semiprivate Semipublic Public
Anger

Property (–) (–)* (+) (–)***

Harassment (+) (+) (–) (+)*

Assault (+)** (+)*** (–) (–)

Robbery (+) (+) (–) (+)

Drug (+) (+) (–) (+)

Fear

Property (–) (–) (–) (+)

Harassment (+) (–) (+) (–)

Assault (–) (–)*** (–) (+)

Robbery (–)* (+) (+) (+)

Drug (+) (+) (–)* (–)

Joy

Property (+)** (+)*** (+) (+)***

Harassment (+) (+) (+) (+)

Assault (–) (+) (+)* (+)

Robbery (–) (–) (–) (+)

Drug (–) (–) (+) (+)***

Sadness

Property (+) (–)* (–) (–)

Harassment (+) (+) (–) (–)

Assault (–) (+) (–) (+)***

Robbery (+) (–) (+) (+)

Drug (–) (+)*** (+) (+)

Swearing

Property (+) (+)*** (+) (+)***

Harassment (–) (+)** (+) (+)

Assault (–) (+)*** (–) (+)
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Robbery (+) (+)*** (+)* (–)*

Drug (+) (+)** (+) (+)

Equitability

Property (+) (+)*** (+) (+)***

Harassment (+) (+)*** (+) (+)

Assault (+) (+)*** (+) (+)

Robbery (+) (+)** (+) (–)

Drug (–) (–) (+)* (+)

* p<.1; ** p<.05; *** p<.01

Table 14: Summary of all types of crime: by the types of emotion (OLS)

Private Semiprivate Semipublic Public
Anger

Property (–) (–)*** (–)*** (–)***

Harassment (+) (–)** (–) (–)

Assault (+)*** (+) (–)* (–)

Robbery (+) (–) (–) (+)

Drug (+)*** (+) (–) (+)

Fear

Property (–) (+) (+) (–)*

Harassment (–) (–)** (+) (–)

Assault (–) (–)*** (+) (–)

Robbery (–)** (–) (+)* (–)

Drug (+) (–) (–) (–)

Joy

Property (+)*** (+)*** (+)*** (+)***

Harassment (+)*** (+)*** (+)*** (+)***

Assault (–) (+)*** (+)*** (+)***

Robbery (–) (+)*** (–) (+)**

Drug (–)*** (+)*** (+)*** (+)***

Sadness

Property (+)* (+) (+) (–)

Harassment (+)* (+) (–) (–)

Assault (+)* (–) (+) (+)*

Robbery (+)** (–)** (+) (+)

Drug (+) (+) (–) (+)
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Swearing

Property (+)* (+)*** (+) (+)***

Harassment (–) (+)*** (+) (+)**

Assault (+) (+)*** (+) (+)

Robbery (+) (+)** (+) (–)

Drug (+) (+) (–) (+)

Equitability

Property (+)*** (+)*** (+)*** (+)***

Harassment (+)*** (+)*** (+)*** (+)***

Assault (+)* (+)*** (+)*** (+)***

Robbery (+) (+)*** (+)*** (+)***

Drug (–)*** (+)*** (+)*** (+)***

* p<.1; ** p<.05; *** p<.01

Table 15: Property crime at Private places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger -0.047

(0.954)
-0.006

(0.994)
-0.013

(0.987)

Fear -0.088

(0.916)
0.004

(1.004)
-0.007

(0.993)

Joy 0.059***
(1.061)

0.022**
(1.023)

0.022**
(1.022)

Sadness 0.044*
(1.045)

0.011

(1.011)
0.006

(1.006)

Swearing 0.027*
(1.027)

0.021**
(1.021)

0.005

(1.005)

Equitability 2.687*** 0.285 0.159

* p<.1; ** p<.05; *** p<.01

6.5 discussion

Because emotions, as immediate reactions to given external stimuli, are
constantly changing (Ekman, 1992; Plutchik, 2001), mining emotions
at the moment of crime situations was not an easy task before social
media data became available. The current research aimed to explore
micro-crime situations, specially using spatiotemporal units, with
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real-time emotions collected from Twitter which would be expected to
provide a more unique and in-depth understanding of crime situations.
Such text expressions may be used to identify emotional atmosphere
of crime situations created by people who would be more likely to
make an irrational criminal decision, become a victim of crime and/or
be willing to take a role as a potential guardian against crime.

As demonstrated by the work of Agnew (2012) and Wortley (2016),
certain types of negative emotion such as anger and frustration might
be more strongly related to crime more than other emotions with
a relatively low magnitude of intensity and frequency. The results
from this empirical research found that, in contrast to other negative
emotion variables, fear was more likely to be correlated with crime.
This finding is supported by some of the research cited in the literature
review. These past studies explain that emotions related to fear and
worry, adjusts people’s preventive behaviours such as always being
aware their surroundings and taking preventive actions to avoid being
victimised (Bellair, 2000; Jackson and Gray, 2009).

It was also interesting to observe how anger works differentially
in different crime situations. Anger was only positively associated
with violent crimes and not property crime. Many studies have high-
lighted the role of anger in violent crime and the emotion as a crucial
motivation to violent offenders (Agnew, 2012; Felman, 2016; Wortley,
2015) and the results from the current research are generally consistent
with these findings. In particular, assault crime at private places was
increased by anger in both emotional states (i.e. temporary emotions at
crime situation) and emotional traits (i.e. emotional tendency of crime
place). Considering the fact that assault crime at private places presum-
ably occur between those who share more intimate relationships at
the places where they reside, the results can be interpreted the overall
aggressive atmosphere of private places may be a significant predictor
of temporal aggressive atmosphere, which encourages serious violent
behaviours such as higher-harm violent offences inflicting physical
harm. However, anger was associated with a low level of property
crime in which emotional states of offenders are less considered as a
criminogenic motivation.

Interestingly, the results found that joy increased crime after con-
trolling all potential influential effects. One possible explanation might
be that, with respect to the assumption when people express joy, joy
would be highly related with facilities or events attracting the influx of
people, in particular, in this case, a massive influx of visitors (see Ristea
et al., 2018). Put differently, joy might correlate with entertainment
routine activities which would create more crime opportunities,

Except for joy, the four base emotions displayed less consistent
outcomes than other emotional variables including swearing and
equitability. In previous research, emotions have been utilised to gauge
feedback in terms of reactions to specific social or political topics. Put
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differently, such emotions displayed could be not temporary emotional
states but emotional tones (attitudes) toward a certain topic which
is less related to moment-to-moment behaviours. Such emotions are
closer to an opinion/attitude rather than may be less related with
instant reactions about situations that people face. However, swearing,
a signal of the speaker’s state of mind (Byrne, 2018), was highly
correlated with an increase in crime, especially crimes at semiprivate
places. This observation is not to say that criminal situations would be
caused by basic emotions people express naturally, rather, that the act
of criminal behaviour may be associated with the use of swear words
more.

This study also found consistent significant effects of equitability
of emotions on crime. In particular, based on the results shown, it
was evident that evenness of emotions is highly associated with crime
in the OLS model, which to recap does not take into account the
temporal effects. This sheds light on a role of collective emotions
in crime situations in contrast to individual emotions. Emotions are
contagious thus people sharing the same space catch and assimilate
with the mood of the space quickly (Wild, Erb, and Bartels, 2001). A
substantial amount of research suggested that one’s personal emotion
is not independent and is shareable, and therefore has a significant
influence on others who are make contact with that person in daily life
(Grandey, 2000; Bono et al., 2007; Pekrun, 2009). It may be assumed
that a group of individuals who are making consistent and often
contact would share and transfer similar emotions which would lower
the evenness of emotions (recall that ‘evenness’ here means equal
shares of different emotions and no one dominant emotion).

However, this research cannot avoid a common criticism of social
media based analysis. The samples filtered out the whole population
by users’ decisions such as choices of Twitter, and sharing locations.
In future study, as a new form of future crime data, more advanced
understanding on how the users are filtered and selected and what
the sample population represents is necessary to increase the validity
of any results derived from the data.

In seeking to understand this outcome better, more follow-up stud-
ies would be needed to determine the association between collective
emotions and crime in social disorganisation approaches. This ini-
tial research however might lead to the hypothesis that there is a
strong correlation between sharing similar emotions of people in a
neighbourhood and a level of cohesion or collective concern.

Further, the research outcomes from this study suggest that more
static emotional tendency (or climate) of the places is important in
addition to temporal emotions of crime situations. Overall, the OLS
model showed a more significant and consistent association between
emotions and crime, than the models that included temporal fluctu-
ation. This confirms that crimes can be driven by temporal trends of
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emotions but also be influenced by emotional inclination of the areas.
In particular, in contrast to the results from the panel model, a general
inclination for sadness displayed consistent and positive correlations
with crimes at private places. It indicates that while sadness states do
not drive crime, sadness traits (general tendency) of places would be
a significant variable to be linked with crimes especially at private
places which are more likely to be driven by the people who spend
most of their time in those place.

According to Agnew (1995), emotional traits have a significant im-
pact on emotional states, the latter being the actual experience of
emotional response to particular events. In other words, differences
in a basic emotional level of individuals would lead to distinct be-
havioural responses at the time of an incident because interactional
style and degree would be elicited by emotional traits. Despite the
importance of the relationship between emotional traits and states, the
current research did not fully explore this mechanism - explaining the
effects of underlying emotions on temporary emotions - and this is
thus left as an avenue for future research. Future research might also
employ the data into the past key works in criminology such as non-
recursive modelling on the links between crime, emotion, and cohesion
suggested by Markowitz et al. (2001) or Tylor’s work (2001) studying
effects of emotions on crime at two levels; individual emotions and
collective emotions.

In the past, it was not an easy task to capture emotions of a signi-
ficant population, which can provide important cues to understand
criminal situations. Notwithstanding its critical role as in building
criminogenic atmosphere, quantifying a level of emotions in the mo-
ment of crime wasn’t possible up until recently. The findings confirmed
that the data that the current research utilised has the potential to
extend the relevant theories and research on emotions and crime in
various directions.



7
M O B I L E P O P U L AT I O N AT T R I B U T E PAT T E R N S

7.1 introduction

Social media platforms, like Twitter, Facebook and Instagram, are an
emerging means of self-expression. The users can release their inner
thoughts and broadcast daily activities by short messages at anywhere
and anytime to anyone. As an important means of self-expression
that enables people to broadcast their thoughts on topics that they
are interested in, it is considered as a new source of in-depth per-
sonal information which indicates ’behaviour signals’ (Minamikawa
et al.,2012; Lai and To, 2015). While traditional environmental crim-
inology primarily relies on the census population data to capture
social-behaviour indications such routine activities or a level of actions
as guardians, this research explores signals of human behaviours by
analysing online traits hidden in the texts people post on social media.
In other words, this research aims to move beyond the traditional
practice of using non-opinion characteristics of individuals such as
colour, income, and education in the exploration of crime trends.

The main objective of the research is to analyse the context of crime
situations in terms of online-traits (online-activities and especially
shown interests) collected from social media posts. In particular, the
current study aims to assess whether (and if possible, why) some
traits are related to crime and whether these findings can be used to
disclose criminal behaviour situations/settings which is repeatedly
observed in a spatiotemporal unit.

100
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7.2 background literature and theoretical rationale

7.2.1 Online-traits and offline-traits

Like a cartoon published in 1993 says ’On the internet, nobody knows
you’re a dog’ (The New Yorker, 1993). Online anonymity is a matter
of great controversy that has been debated from the very early days of
the internet. Since the internet gained an indisputable position and
became a necessary tool for communication, we have spent more and
more time in the online world reflecting our real-world selves in it.
Indeed, today it is hard to fake or hide who you are online because
our real lives cannot be separable from online activities (Buchanan,
2001; Marriott and Buchanan, 2014).

Multiple recent studies also support the premise that personality can
be inferred by online traits such as social medias, blogs and forums.
Based on the comparison of survey-based personality estimation with
online text-based personality, the studies found that personal traits
from the survey showed correlation with certain online behaviours
such as people’s decisions, actions, and tastes (Golbeck and Norris,
2013) and attitudes toward social networking (Gangadharbatla, 2008;
Moore and McElroy, 2012).

Even though a fair number of studies have focused on how to extract
personal attributes accurately from social medias (Correa, Hinsley and
De Zuniga, 2010; Golbeck, Robles and Turner, 2011; Hughes et al.,2012;
Park et al.,2015), the majority of them have examined online personal
attributes relying exclusively on ‘Big Five’ personality traits1

Further, considering the increase in evidence of the significant link-
age between online behaviours and personality (Bachrach et al., 2012;
Lee et al., 2014; Zhao et al, 2015), studies on how offline behaviours
relate to online personal attributes are very limited. Although some
research has shown that certain types of behaviours in real life may be
predicted by online traits such as political engagement (Di Gennaro
and Dutton, 2006) and sexual behaviours (Boies, 2002), further studies
are required to enhance understanding of online traits as a potential
indicator of real world behaviours.

Online-traits as behaviour signals

In order to maximise the utility of Twitter in capturing personal
attributes, the user characteristics of the platform require further exam-
ination. Twitter has different usage patterns from other popular social
medias such as Facebook, Youtube and Instagram. Unlike other social Note: the section

titled ’What is
Twitter’ in Chapter 3
(p.28)

networking platforms initially designed for sharing daily activities via

1 The Big Five personality so-called Five-Factor Model or OCEAN was developed to
measure personality and five factors are openness, conscientiousness, extraversion,
agreeableness, and neuroticism (see McCrae and Costa (1987))
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various formats such as visual or audio media, Twitter is optimised for
informative social networking. An analysis of Twitter traffic disclosed
that a large number of messages on the platform are text-based and
the posts about breaking news, how-to or social activities tend to
get more attention than daily chats. For these reasons, Twitter has
been considered as a barometer monitoring trending topics and there
is an ample amount of research analysing Tweets to gauge people’s
predominant interests which are likely to be those frequently being
mentioned (Cataldi, Di Caro and Schifanella, 2010; Lau, Collier and
Baldwin, 2012; Xie et al., 2016). Considering these recognised features
of the platform, analysing topics/interests and contents of the posts
was seen as the best approach to investigating online-traits utilising
Twitter.

There have not been enough studies to analyse the relationship
of types of topics publicly posted on social medias and criminal
behaviours within the perspectives and methodologies drawn from
Criminology. Although there were some efforts to detect anti-social
behaviours using micro-blogging messages (Wang, Brown, and Gerber,
2012; Gerber, 2014), these were limited to classifying contents related
to crime events, suggesting computational methods or finding stat-
istical evidence of the relationship, rather than building a theoretical
framework. The latter could answer questions concerning why these
contents are related to crime and how we should investigate them as
a potential source for future crime studies.

The relationship between topics we broadcast and the types of
people we are (or our behavioural traits) can be conceptually under-
stood by theories of interests. These theories were employed in the
fields of Psychology and Pedagogy to examine the effect of interests
on educational or vocational achievement. According to John Dewey
(1913)’s definition, interest is "being engaged, engrossed, or entirely
taken up with some activities" or topics (Dewey, 1913, p.17 as cited in
Harackiewicz and Hulleman, 2010). Intuitively, we can assume being
interested in any subject implies it is important to one’s daily life and
that it is a personal concern (Harackiewicz and Hulleman, 2010).

Dewey (1913) notes that being interested in something also means
positive feeling toward the subjects and therefore a willingness to
put energy to the activities or topics. The majority of the past empir-
ical research using Dewey’s theory has examined whether interest
relates to people’s action regarding the subjects of interests. Previous
studies on the relationship between interest and performance found
that the status of interest was strongly correlated with the levels of
performance. Interest was found to promote attention, recall, and task
persistence (Su, Rounds, and Armstrong, 2009). Since past studies
have mainly been conducted in Psychology, they have focused on
how personal traits and interests are correlated with performance and
achievement (McCown and Johnson, 1991; McKenzie, 1989, Schiefele,
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Krapp, and Winteler, 1992), educational and occupational choices
(Hansen and Sackett, 1993; Lapan, Shaughnessy and Boggs, 1996;
Fouda, 1999) and job satisfaction (Morris, 2003).

The theories and empirical research studies clearly show the con-
nection between ’interests’ and ’actions’ and this logic can be applied
to some possible scenarios. For example, a person who always shows
interest in community news – demonstrated through posting about
or adding comments on community activities such as events held by
local churches or schools- or communicates with other people con-
stantly will be more likely to participate in such events than people
who never post about the local activities. Likewise, a person who
intensively publishes his opinions on social and political issues on his
social medias would have a higher chance of acting out for the social
issues and getting involved in political actions than people who do not
post on social topics at all, which can be possibly explained by social
cohesion/collective efficacy emphasising the influence of sharing the
same values on collective actions at the macro-level. Note: see the section

about ’Collective
Efficacy and Social
cohesion’ in
Chapter2 (p.8)

7.2.2 Contents-based Analysis for capturing Crime Situations

Content-based analysis refers to the process of converting artifacts such
as written documents, verbal discourse, and visual representations into
a relevant and manageable format of data (Krippendorff, 1980; Weber,
1990; Titscher et al.,2000). Basically, this analysis allows researchers
to extract valuable information from unstructured data and to draw
valid inferences based on the information (Bengtsson, 2016).

Measurements of online-traits from texts

To decide on appropriate methods for the current research, the
content-based analysis methods which have been widely used to
analyse online-traits were reviewed. Manual-content analysis, hand-
coded by human coders, has a strong advantage in capturing the
nuances and complexities hidden in texts. However, processing the
current research data which is in the form of so-called ‘Big Data’
is beyond the capabilities of individual coders (Guo et al., 2016).
This limitation of manual analysis has dramatically accelerated the
need of methodological innovations which can process substantial
amounts of data automatically and in a systemic manner (Lewis,
Zamith, and Hermida, 2013). Indeed, many researchers have become
actively involved in the development of computational techniques and
recently these methods have been widely used for processing big data
(Guo et al., 2016).

Within computer-assisted analysis, it is useful to distinguish between
lexicon-based approaches and Machine learning approaches. Early
computer-assisted analysis employed lexicon-based approaches, par-
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ticularly dictionary-based methods. The methods include simple auto-
mated tasks such as counting the occurrence of predefined key words
in given texts (Riffe et al.2014; Guo et al.,2016). It entails a process of
developing a predetermined dictionary that researchers want to isol-
ate. For this reason, establishing the appropriate dictionary is crucial
as it corresponds directly with a research purpose and producing it
remains a manual task (Guo, Shi, and Tu, 2017). This method has def-
inite advantages for investigating specific problems, if the dictionary
adequately reflects the attribute and context of the text to be analysed
(Dalianis, 2018). However, in cases where it doesn’t, it will achieve a
poor performance (Guo, Shi, and Tu, 2017).

Machine learning approaches, in contrast to lexicon-based approaches,
minimise intervention by researchers in the analysis process. Basically,
the approaches involve a set of statistical methods that use ’learning’
from previous patterns in texts to establish a set of rules/filters to
gauge the text (Guo, Shi, and Tu, 2017; Dalianis, 2018). Within these
approaches it is possible to distinguish between supervised methods
and unsupervised methods- both are widely used methods in recent
text analysis and are deployed depending on purposes of the analysis
or types of texts.

Among many different unsupervised methods, topic modelling us-
ing the Latent Dirichlet Allocation (LDA) is very commonly applied
to analyse text documents including the text collected from social
media. The effectiveness of LDA on micro-blogging texts has been
demonstrated, notwithstanding the problems in these texts such as
their relatively shorter length than other text-based statements or in-
formality/noisiness (Weng, 2010; Naveed, Gottron, and Kunegis, 2011;
Guo et al.2016; Risch, 2016). While the lexicon-based approaches use
deductive coding techniques which begin with a predetermined set of
dictionaries, unsupervised machine learning adopts inductive coding
techniques that are also known as data-driven methods (Eickhoff and
Wieneke, 2018). Therefore, unsupervised machine learning would be
more advantageous to explore unexpected outcomes that research-
ers initially cannot capture such as extracting trending topics from
massive amounts of data.

To determine the analysis method for this research, any risks which
could reduce the validity of the measurements were considered. The
LDA algorithm needs reasonable large size of texts to produce mean-
ingful topics (Tang et al., 2014). Past studies have, therefore, combined
a number of texts based on analysis criteria such as time or location
of posting or authorship (Hong and Davison, 2010; Zhao et al.,2011).
A study using similar computational methods for personality analysis
also suggested that at least 25 messages are required to fully measure
language patterns consistently found in the texts (Xu et al., 2015). In
addition, the model can produce different outcomes depending on
how texts are merged, and the same texts will not show the same
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results when the different criteria are applied to them (Guo et al.,2016).
Additionally, LDA merges individual texts into a bulk data set and
extracts the most discussed topics. It appears that even though the
LDA is useful to extract topics from texts with a given criteria such
as time and location, the process of aggregation could eliminate the
individuality of each text that should be included and analysed in this
research. As in previous studies, LDA would be suitable for capturing
overall tendency from massively aggregated messages but, in this
case, (some spatiotemporal units only have under ten texts) may not
be a well-matched method as it would not have statistically enough
number of messages to conduct the inductive computation method. To
avoid this problem, a dictionary-based method was chosen, which is
performed on each text not the information in bulk. In summary, the
analysis in this chapter is done using a lexicon-based non supervised
method, more detail of which is given below.

Measurements of online-traits for crime analysis

Robert Weber (1990) underlines that the data-reduction processes
should be carefully designed for conducting a content-based analysis.
Technically, the analysis refers to a process of cutting and simplifying
many words of texts into selected content categories decided by expli-
cit rules of coding (Weber, 1990; Stemler, 2001). Therefore, designing a
valid content classification based on the characteristics of datasets and
the context and objective of studies is very important for content-based
analysis.

For the main analysis two content analysis measurements were
employed; online-activity and topic/interest-based, these suited the
characteristics of the data and the objectives and the theoretical frame-
work of the current research. For example, it distinguishes between
messages that are conversations and those that are location broadcasts.
Here topic-based refers to the subject of the communication. For ex-
ample, it might be about body and appearance, business or religion
and politics. Online-activity refers to the style or type of the tweet.

Measurement of the online activity type is based on Java et al.(2007)
and Dann (2010) which are Twitter content categorisation studies. Java
et al.(2007) categorise Twitter by users’ intentions and find the main
reasons for using Twitter can be classified into four types; Daily chat-
ter, Conversations, Sharing information/URLs and Reporting news.
Besides categorising the messages by how and why people use the
social media, they also categorise them by types of users. According
to Java et al.(2007), there are three types of users; Information Sources,
who functions as a hub and have a large number of followers, Friends,
who are the most common types of users and communicate with
other users in online-community actively, and Information seekers
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who rarely creates a post but regularly follows other users (Java et al.,
2007).

In contrast, Dann’s (2010) classification only focuses on the types
of content. After reviewing 16 studies on Twitter categorisation, he
suggests six broad categories (with 23 detailed subcategories); Conver-
sational, Pass Along, News, Status, Phatic communication and Spam.
He defines Conversational as the posts created for the social interac-
tion between users, Pass Along for re-tweeting other users comments
or showing an act of endorsement, and News covering mainstream
media issues such as sports, events, and weather news. Status refers
the posts providing the update of activities the user is currently un-
dertaking, the posts of Phatic communication means meaningless
exchanges such as simple daily notes and unclassifiable contents.

Combining the two Twitter classifications from previous research,
five categories of online-activity are used in the current research; Con-
versation, Informal Broadcasting, Informal Broadcasting with location
status, location status, and Informative Broadcasting. Figure 28) indic-
ates the relationship between the various concepts mentioned above.
The added emphasis on activities related to location status is deliberate
and is not obvious in the previous research classifications.

Figure 28: Online activity categories

In previous research exploring topic-based analysis which infers per-
sonality traits and interests from texts, one of the most popularly used
dictionary-based methods is the Linguistic Inquiry and Word Count
(LIWC) dictionary (Pennebaker and King, 1999; Hirsh and Peterson,
2009; Tausczik and Pennebaker, 2010; Tumasjan, Sprenger, and Sand-
ner, 2010). Instead of simply classifying key words into relevant topics,
the LIWC groups words by psychology-relevant connotation. There-
fore, it sees, for example, pronouns such as ’we’ and ’you’ as an
important source for capturing a quality of a close relationship/social
coordination and the words related to ’Family’ and ’Friends’ as the key
words for measuring ’Social Processes’. It has topic/interest related



7.3 methods 107

categories but only consists of seven topics including Work, Achieve-
ment, Leisure, Home, Money, Religion, and Death under ’Personal
Concerns’ (Tausczik and Pennebaker, 2010).

Although the LIWC generated some significant and valid find-
ings in studies about inferring personality traits using social media,
showed better outcomes with writing samples (Pennebaker and King,
1999) or spoken dialogue (Mehl, Gosling, and Pennebaker, 2006) and
some limitations with short texts from social media. These have a
number of challenges since they are often not well-constructed texts.
In many cases, the texts are not written in full sentences: instead,
they are composed with some key words and contain abbreviations,
truncated words, and poor grammar (Guo et al., 2016). To overcome
identified limitations in the previous studies, the current work em-
ploys Oxford Topic Dictionaries to explore the relationship of topics
of micro-blogging texts and crime. The topic dictionaries are selected
because they are composed from a broader range of topics and from
common subjects in everyday life using basic key words.

To summarise, online activity categorisation is important as it re-
flects specific actions by users. In other words, it answers the question;
what sort of behaviour happened? An information broadcast has a
different purpose to a conversation for example. In addition, the topic
or subject of social media texts likely to reflect the interests and con-
cerns of those tweeting them. In the next section, there is an account
of how online-activity based and topic-based measurements were op-
erationalised for the analysis. This is followed by a description of the
analysis.

7.3 methods

The two core datasets have already been described in Chapter 4. To Note: see the section
about ’Data’ in
Chapter 4 (p.36)

recap, these are the crime data and social media messages in the
region of NYC between the dates of 1st of January, 2013 and 31st of
December, 2013. The research in this chapter required production of
new datasets that can measure online traits using social media data
as the source. This involves the extraction of online-activity variables
and topic/interest variables from each post and then the aggregation
of them into the selected spatiotemporal unit.

7.3.1 Measurement

Categorisation of Online activity
There is a range of purposes for posts for example, formal business

posts are very different to those that are informal conversations. As
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illustrated in Figure 28, this research uses five online-activity categor-
ies which exhibit distinct behaviours on social media. This section
describes the process by which posts were sorted into these categories.

Conversation These posts are created for communicating and trying
to engage conversations across all subjects. The messages go
back and forth between more than two users. If the messages
start with "@", they were deemed as conversation regardless of
the contents of the messages and the receivers of the messages.
For instance, if a user sends news to other users and adds com-
ments about it, the messages are coded into conversation as they
are created to communicate about the news with the specific
receivers not to spread out the news across followers or general
users.

Informal broadcasting This category covers the use of the social
media to broadcast personal thoughts, opinions, statements, and
emotional status. This includes general posting such as daily
activities, any personal statements, and emotional status.

Location status These messages only have information about the
locations where the messages are created. The messages in this
category only contain the location status and have no extra
text with them. They commonly start "I am at-" or just tag
the place where they are when they create the post. It also
could be automated location tags by mobile applications such as
Foursquare or Yelp check-ins.

Informal broadcasting with location status These messages have
the location status with additional text-based comments about
the location or the status such as emotions or opinions. In many
cases, the posts are created at tourist attractions or restaurants
where users want to leave a note about the locations.

Informative broadcasting These messages are created to deliver in-
formation to other users and do not contain any comments
revealing the users’ thoughts or emotions. The users purely use
their account to pass along the messages, (called re-tweets), and
perform a role as messengers or distributors. If users add any
comments revealing their own thoughts or opinion with it, the
messages are not counted as informative post as the users’ in-
tention is not delivering but commenting on the messages. The
posts also incorporate the main stream media news including
breaking news, sports, weather, and events and information such
as job postings.

Categorisation of Topic/interest
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The study uses the Oxford topic dictionaries generated using words
we use on a daily-basis. The dictionaries have 24 sets of topics related
to common subject areas and each topic category consists of groups
of words and word-stems. There are several detailed subcategories
under each topic group. For instance, Family and Life Stages has five
1st-level subcategories including Age, Children, Family, and Love.
These subcategories are composed of 2nd-level subcategories such as
Death, Middle Age, Old Ages, and Youth in the subcategory ’Age’ and
Babies, Birth, Pregnancy, and Raising Children for in the subcategory
’Children’. Table 1 gives full details of the topic classification.

Topic 1st-level 2nd-level

Animal Features Animal homes, Groups of animals,
Parts of animals

Types Amphibians and reptiles, Birds, Do-
mesticated mammals, Fish, Inverteb-
rates, Wild mammals

Body and
appearance

Appearance Attractiveness, Body shape, Facial ex-
pressions, Female attractiveness, Male
attractiveness, Position and movement

Body Body parts, Face, Hands and nails, In-
ternal anatomy, Mouth and teeth, Skel-
eton and muscles, Skin

Hair Describing hair, Facial hair, Hair colour,
Hair products and accessories, Styling
hair

Business Companies Business deals, Business people, Run-
ning a business

Economics Banking, Economy, Trends

Products Manufacturing, Marketing

Clothes and
fashion

Clothing Accessories, Clothes, Describing
clothes, Footwear, Jewellery, Parts of
clothing

Fashion Beauty products, The fashion world

Crime and
law

Crime Committing crime, Criminals, Prison,
Solving crime, The police, Types of
crime, Types of punishment

Law Justice, Legal documents, Legal pro-
cesses, People in law

Culture Art Art equipment, Artwork and tech-
niques, Describing art, Styles of art,
The art world
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Film Film people, Film plots, Film reviews
and promotion, Film-making equip-
ment, Making films, Showing films,
Types of film

Literature Characters in a story, Describing a
story, Elements of a story, Parts of
a book, People in publishing, Poetry,
Types of story, Types of text, Writing
and publishing

Music Describing music, Listening to mu-
sic, Live music, Musical instruments,
People in the music world, Pieces of
music, Producing music, Reading mu-
sic, Styles of music

Theatre Elements of a play, In the theatre,
People in theatre, Producing a play,
Types of play

Education School Access to education, Exams and as-
sessment, In school, People in schools,
School life, Subjects and courses, Teach-
ing and learning, Types of school

University Exams and degrees, Higher education
institutions, Study routes, University
life, University people

Family and
life stages

Age Death, Middle age, Old age, Youth

Children Babies, Birth, Pregnancy, Raising chil-
dren

Family Family background, Friends, Names,
Pets, Relations

Love Marriage, Romance, Separation

Food and
drink

Cooking In the kitchen, Preparing food, Ways of
cooking

Describing food Taste of food, Texture of food

Meals At the dining table, Savoury dishes,
Sweets and desserts, Types of meal

Restaurants Dining out, Restaurant people, Types
of restaurant

Types of food Alcoholic drinks, Carbohydrates, Fruit,
Herb and spices, Meat, Sauces, Soft
drinks, Vegetables

Health Diet Diet, Healthy eating habits, Unhealthy
eating habits

Fitness Exercise, Good health, Poor health

Illness Ailments and diseases, Being ill, Injur-
ies, Recovering from illness
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Medicine Complementary medicine, Conven-
tional medicine, Hospitals, Medical
equipment, Medical examinations,
Medical staff, Medication, Operations

Mental health Addition, Mental and emotional prob-
lems, Mental health care

Houses and
buildings

Architecture Architectural features, Architectural
styles, Describing architecture

Buildings Buildings, Construction, Historic build-
ings, People in construction, Public
spaces, Religious buildings

Houses Furniture, Gardening, House equip-
ment, House location, How a build-
ing looks, In the garden, Interior de-
cor, Parts of a house, Rooms in a house,
Types of home

Owning a home Buying a home, Renting a home

Language Language learn-
ing

Language skills, Languages

Linguistics Grammar, Linguistic devices, Phonet-
ics, Punctuation

Leisure Ball sports American football, Baseball, Basketball,
Cricket, Golf, Rugby, Soccer, Tennis

Games Board games, Card games, Children’s
games, Games, Pool and snooker

Hobbies Crafts and skills, Hobbies
Other activities Athletics, Boating, Combat sports,

Cycling, Diving, Equine sports, Ex-
treme sports, Swimming, Water sports,
Winter sports

Nature Agriculture Animal farming, Crops, Farm animals,
Farm people, Growing crops, On the
farm

Environment Conservation, Natural disasters, The
power industry, Waste and pollution

Landscape Coastlines and the sea, Describing geo-
graphic regions, Mountains and val-
leys, Other geographic regions, Plants,
River and lakes

The Earth and
space

Space travel, The Earth and the atmo-
sphere, The sun and the moon, The
universe

Weather Rain, Sky, Snow and ice, Wind



7.3 methods 112

Personality
and
emotions

Emotions Anger, Boredom, Disappointment, Dis-
gust, Embarrassment, Excitement, Fear,
Happiness, Loneliness, Love, Showing
interest, Surprise, Unhappiness

Feelings Hunger, Thirst, Tiredness

Personality Brave, Clever, Confident, Describing an-
noying traits, Describing strange traits,
Describing unpleasant traits, Dishonest,
Energetic, Friendly, Honest, Immoral,
Kind, Lazy, Moral, Nervous, Proud,
Selfish, Stupid

Religion and
politics

Politics Elections, International relations, Par-
liament, Political views and systems

Religion Religious ceremonies, Religious holi-
days and festivals, Religious items, Re-
ligious people, Religious places, Reli-
gious texts, Types of belief

Retail Shopping Cost and payment, Online shopping,
Shopping in stores

Stores Departments in stores, In the store,
Types of stores

Science Engineering Devices, How machines work, Materi-
als and properties, Structures

Mathematics Mathematical terminology, Types of
mathematics

The natural
sciences

Cell biology, Electronics, Energy and
physical forces, Experiments and re-
search, Genetic engineering, Molecules
and matter

Social issues People in need Helping others, Poverty and famine

Social groups Belonging to society, Immigration,
Race, Social justice

Technology Computers Computer hardware, computer prob-
lems, Computer programming, Com-
puter software, Mobile devices, Using
a computer, Video games

Telephones Communication devices, Making calls,
Phone services, Text messages

The Internet Email, Social networking, Using the In-
ternet, Websites

The media News media Celebrity news, Journalism, People in
journalism, The press

Radio People in radio, Radio broadcasting,
Radio technology
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Television Producing TV shows, TV people, TV
shows, Watching TV

Travel and
tourism

Air travel Aircraft, Airports, Parts of a plane,
People in air travel, Plane travel

Public transport Railway tracks and stations, Train and
bus travel, Trains

Road travel Controlling traffic, Driving, Features
of roads, Motoring problems and ac-
cidents, Parts of a car, People in mo-
toring, The car industry, Types of road,
Types of vehicle

Sea travel Parts of boats and ships, People in sea
travel, Travelling by boat or ship, Types
of boats and ships

Tourism Camping, Countries and continents,
Holiday accommodation, Hotel people,
Staying in a hotel, The tourist industry,
Types of holiday/vacation

War and
conflict

Conflict Protest, Terrorism
The armed
forces

Conflict, Peacekeeping, The air force,
The army, The navy, Weapons

Work Jobs Describing jobs, Job titles, Professions
The job market Job interviews, Job skills and personal

qualities, Unemployment

Working life Business meetings, Describing work, In
the office, Office life, Pay and condi-
tions at work

Table 16: The list of topic/interest categories

7.3.2 Analysis methods

For the analysis units, street segments and day/hour (24 hours and 7

days) were chosen. The analysis began with a coding process. Each text Note: see the section
about ’Research
Units’ in Chapter4
(p.42)

was coded by the presence/absence of corresponding online-activity
categories and specific topic related lexicon. When the dictionaries
indicated a topic appeared at least once in a post, the post was recorded
as falling into that topic category. If a text obtained multiple topics,
all detected topics were recorded, regardless of how many times the
words appeared. The data was cleaned to remove any errors which
might affect the coding process including checking for spelling errors
and converting words into the simple/singular form before being
analysed. After finishing the coding process, the number of online-
activities/topics present in each spatiotemporal unit was counted.
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This was added to the crime information for these units. As a result,
the generated data contained the number of crimes and a online-
activities/topics occurred/mentioned in each street segment over
time.

The analysis was performed using two different levels of comparison
(Figure. 29). The first level of analysis was designed to compare the
differences between the streets with crime records (Group A) and
the streets no recorded crime (Group B). For the second analysis,
Group A was divided into two groups, Group A1 and Group A2, and
Group B was excluded from the analysis. This second level of analysis
examined the differences between time units with crimes and time
units with no-crime records. If the time unit had any recorded crime,
it was assigned to Group A1 and the remaining units were categorised
into Group A2. The same process of classification applied to all crime
types (e.g. assault or property crime) and locations type (e.g. public
or private) and consequently created four groups (Group A, Group
B, Group A1 and Group A2) for 20 types of crime. Differences in
proportions of online traits across each group were analysed using
chi-square test. Fisher’s exact test was also used but results are not
included here as the two tests produced the same results.

Figure 29: Study flowchart (image @shutterstock)

Before moving to the results, it is worth noting that the analysis does
not track the feelings, actions or behaviours of specific individuals
over time and/or space. Rather, it captures the collective current
‘traits’, ‘behaviours’ or ‘concerns’ of those tweeting in a spatiotemporal
unit. It can be seen in some senses as the population-driven ‘social
atmosphere’ of that area at that time. Strengths and weaknesses of
undertaking analysis using this method are discussed later in this
chapter.
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7.4 results

7.4.1 Descriptive statistics

For online activity-based variables (Table 17), Informal broadcasting
was generated the most. Over one-third of posts were generated for
a conversational purpose. Conversation and Informal broadcasting with
location status were observed nearly 20 per cent respectively, showing
that the social media is more likely being used for social networking
via posting their own thoughts and interests to communicate with
other users. The data analysis showed that a small percentage of
the posts were produced to share information (2.9 per cent) such as
breaking news, sports, weather, and events.

Table 18 shows that the frequency distribution of topic-based vari-
ables. For topic/interest-based variables, Personality and emotions(40.31

per cent) was detected the most. A substantial number of texts were
identified as tourism-related (i.e. Leisure (27.91 per cent), Culture (21.59

per cent) and Travels and tourism (19.93 per cent)) but political and
social topics were observed less (i.e. Religion (4.7 per cent), Social issues
(4.43 per cent), and War (3.15 per cent)).

Table 17: Descriptive Statistics of online activity categories

Online activity Frequency Percent
Conversation 119,740 23.05

Informal broadcasting 220,608 42.46

Location Status 57,569 11.08

Informal with location status 106,237 20.45

Informative broadcasting 15,407 2.9

Table 18: Descriptive Statistics of topics/interests categories

Topic/interest Frequency Percent Topic/interest Frequency Percent
Animals 31,119 5.99 Leisure 114,986 27.91

Body and
appearance

55,032 10.59 Nature 79,781 15.36

Business 52,559 10.12
Personality
and emotions

209,429 40.31

Clothes and
fashion

77,924 15.00
Religion and
politics

24,437 4.70

Crime and law 56,150 10.81 Retail 39,405 7.58

Culture 112,190 21.59 Science 42,912 8.26
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Education 60,496 11.64 Social issues 23,005 4.43

Family and life 82,878 15.95 Technology 58,409 11.24

Food and drink 76,538 14.73 The media 42,485 8.18

Health 105,944 20.39
Travel and
tourism

103,552 19.93

Houses and
buildings

95,624 18.40
War and
conflict

16,359 3.15

Language 114,769 22.09 Work 49,439 9.52

7.4.2 Chi-squared analysis

Table 19 shows the summarised results of online-activities analysis for all
crime types, and the findings from topic/interest-based were reported in
Table 21. In the summary tables (Tables 19 and 21), ’(+)’ indicates that the
topics/online activities are over-represented in crime units (Group A or
Group A1) and ’(–)’ refers to those are under-represented in the units 2.

Online activity-based analysis
The online activity-based analysis results of each crime are reported for

the example of property crime in Table 20 and the remainder can be found
in Tables 73 to 91 in Appendix (p.173).

Comparison between crime and non-crime streets (segments comparison)

The analysis of Group A against Group B indicated that online-activity
types showed statistically significant associations (p < .01) for all crime
types and crime locations. For crime at private places, three online activities,
Conversation,(Property: x2 = 1.00, p < .01, Harassment: x2 = 560.37, p <
.01, Assault: x2 = 177.46, p < .01, Robbery: x2 = 748.22, p < .01, Drug:
x2 = 629.30, p < .01), Informal broadcasting (Property: x2 = 615.08, p < .01,
Harassment: x2 = 2.20, p < .01, Assault: x2 = 1.40, p < .01, Robbery: x2 =
235.90, p < .01, Drug: x2 = 939.72, p < .01), and Informative broadcasting
(Property: x2 = 24.90, p < .01, Assault: x2 = 1.00, p < .01, Robbery: x2 =
22.82, p < .01) were more detected in Group A segments (crime present on
segments).

In contrast to Informal broadcasting with location status (Property: x2 =
1.50, p < .01, Harassment: x2 = 1.90, p < .01, Assault: x2 = 2.20, p < .01,
Robbery: x2 = 1.10, p < .01, Drug: x2 = 1.60, p < .01) and Location status
(Property: x2 = 1.20, p < .01, Harassment: x2 = 1.10, p < .01, Assault:
x2 = 1.20, p < .01, Robbery: x2 = 473.76, p < .01, Drug: x2 = 952.6, p < .01)

2 To highlight the patterns found in analysis outcomes, the chapter reports 1) summary
of findings of online activity-based analysis (Table 19) and the findings of property
crime at private places as an example of each crime type following the analytic
process (Table 20). (See Appendix (p.173) for the analysis results of other 19 crime
types) and 2) summary of findings of topic-based analysis (Table 21) and the findings
of property crime at private places as an example following the analytic process
(Table 22). (See Appendix (p.182) for the analysis results of other 19 crime types)
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were less identified from crime at private places in Group A segments.
The findings also showed a salient difference by types of crime locations,
especially segments with crimes at private places in comparison to the other
crime location segments, but there appeared to be no noticeable difference by
types of crimes. The results indicate that crimes at private places have more
online activities such as Conversation, Informal broadcasting and Informative
broadcasting and posts with location information are under-represented in
Group A segments for crimes at private places.

Comparison between crime and non-crime times (units comparison)

For the comparison of online activity types between Group A1 (crime time)
and Group A2 (non-crime time) units, significant differences were found in
Conversation and Informative Broadcasting. Both of these online activities were
less identified in Group A1, in particular property and assault crimes, and
more in Group A2 units.

There is a significant difference by crimes at different locations in Inform-
ative broadcasting and Informal broadcasting with location status. For crimes
at private places, Informative broadcasting (Property: x2 = 7.48, p < .01,
Harassment: x2 = 4.08, p < .05, Robbery: x2 = 71.30, p < .01, Drug:
x2 = 33.71, p < .01) was more detected at time of crimes (group A1 units),
and Informal broadcasting with location status (Property: x2 = 4.89, p < .05,
Harassment: x2 = 4.11, p < .05, Assault: x2 = 9.73, p < .01) was less iden-
tified at the time. Both online activities showed different distributions for
group A1 and A2 units for crimes at the other types of places. Lastly, Location
status (Semiprivate: x2 = 112.23, p < .01, Semipublic: x2 = 19.28, p < .01,
Public: x2 = 13.97, p < .01) was more highly observed at crime times (in
group A1 units) in property crime than other types of crimes.

Table 19: Summary of all types of crime: frequency of online activity by each
group

Crime locations: a = private, b = semiprivate, c = semipublic, and d = public

(+): over-represented, (-): under-represented in crime segments or units

Group A and B Group A1 and A2

a b c d a b c d
Conversation

Property (+)*** (–)*** (–)*** (–)*** (+) (–)*** (–)*** (–)***

Harassment (+)*** (–)*** (–)*** (–)*** (+) (+)** (+) (+)

Assault (+)*** (–)*** (–)*** (–)*** (+)*** (–)*** (–)** (–)**

Robbery (+)*** (–)*** (–)*** (+)*** (–)*** (–) (–) (+)

Drug (+)*** (–)*** (–)*** (–)*** (–)*** (–)* (–) (–)***

Informal
broadcasting

Property (+)*** (–)*** (–)*** (–)* (+) (–)*** (+) (–)***

Harassment (+)*** (–)*** (–)*** (–)** (+)* (+) (–) (–)**

Assault (+)*** (–)*** (–)*** (–)*** (+)* (+) (+) (+)

Robbery (+)*** (–)*** (–)*** (+)*** (–) (+)*** (+)** (+)
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Drug (+)*** (–)*** (–)*** (–) (–) (+)** (+) (–)

Location Status

Property (–)*** (+)*** (+)*** (+)*** (–) (+)*** (+)*** (+)***

Harassment (–)*** (+)*** (+)*** (+)*** (–)* (–) (+)*** (+)

Assault (–)*** (+)*** (+)*** (+)*** (–) (–) (+) (–)

Robbery (–)*** (+)*** (+)*** (–)*** (–) (–) (–) (–)

Drug (–)*** (+)*** (+)*** (+)*** (+)** (–)*** (–) (+)

Informal with
location status

Property (–)*** (+)*** (+) (+)*** (–)** (+)*** (+) (+)***

Harassment (–)*** (+)*** (+)*** (+)*** (–)** (–) (+) (+)

Assault (–)*** (+)*** (+)*** (+)*** (–)*** (+)*** (+) (+)***

Robbery (–)*** (+)*** (+)*** (–)*** (–) (–)** (–) (–)

Drug (–)*** (+)*** (+)** (+)*** (+) (+)*** (+) (+)***

Informative
broadcasting

Property (+)*** (+)*** (+)*** (+)*** (+)*** (–)*** (–)*** (–)***

Harassment (–)*** (+)*** (+)*** (–)*** (+)** (–)* (–)*** (–)

Assault (+)*** (–)*** (–)*** (–)* (–)*** (–)*** (–) (–)***

Robbery (+)*** (–)*** (+)** (–)*** (+)*** (+)*** (+) (–)*

Drug (–) (–)*** (–)*** (–)*** (+)*** (–)*** (–) (–)***

* p<.1; ** p<.05; *** p<.01

Table 20: Property at private places: frequency of online activity by each
group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 50,185

(25.44)***
69,555

(21.58)
859

(26.23)
49,326

(25.42)

Informal
broadcasting

88,065

(44.63)***
132,543

(41.13)
1,480

(45.19)
86,585

(44.62)

Location Status 18,032

(9.14)***
39,537

(12.27)
276

(8.43)
17,756

(9.15)

Informal with
location status

34,876

(17.68)***
71,361

(22.14)
531

(16.21)**
34,345

(17.7)

Informative
broadcasting

6,147

(3.12)***
9,260

(2.87)
129

(3.94)***
6,018

(3.10)

* p<.1; ** p<.05; *** p<.01
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Topic-based Analysis
The topic-based analysis results of each crime are reported for the example

of property crime in Table 22 and the remainder can be found in Tables 92 to
110 in Appendix (p.182).

Comparison between crime and non-crime streets (segments comparison)

Most topics were found to be significantly different (p<.01) between Group
A and Group B in most crime types and locations (Table 21). Seven top-
ics were found more often in Group A (crime present) including Culture,
Food/Drink, Houses/Buildings, Language, Personality/Emotions, Retail and Science.
The Remaining seventeen topics were less captured in Group A than Group
B units. Among the less observed topics in Group A, notable differences
were found in Business, Clothes, Education, Health, Leisure, Nature, and Religion,
which indicates that these topics which are more related to everyday living
were less generated at high crime places.

Inspection of the results revealed that there is more variation in topics
associated with Group A segments (crime streets) across the different types
of crime locations than between crime types. In particular, segments with
crimes reported at private places were associated with topics that were not
significant for segments with the other crime location types (semiprivate,
semipublic, and public places). For example, the eight topics identified more
in segments containing crimes at private places; Animal, Body/Appearance,
Clothes/Fashion, Culture, Family/Life stages, Health, Personality/Emotions and
Social issue were less present at the other three sets of crime location segments.

Among these, four topics; Body/Appearance (Property: x2 = 46.16, p < .01,
Harassment: x2 = 89.35, p < .01, Assault: x2 = 29.35, p < .01, Robbery: x2 =
10.50, p < .01), Family/Life stages (Property: x2 = 87.15, p < .01, Harassment:
x2 = 83.67, p < .01, Assault: x2 = 75.67, p < .01, Robbery: x2 = 24.017, p <
.01), Health (Property: x2 = 8.52, p < .01, Harassment: x2 = 103.88, p < .01,
Assault: x2 = 77.010, p < .01, Robbery: x2 = 38.39, p < .01) and Social issue
(Property: x2 = 60.50, p < .01, Harassment: x2 = 25.84, p < .01, Assault:
x2 = 174.30, p < .01, Robbery: x2 = 6.89, p < .01) displayed a statistically
significant difference between segments with crimes at private places and
those with crime at other places for most types of crimes.

There were also some topics less observed in segments with crimes at
private places and more at those with crimes at semiprivate, semipublic and
public places. Topics including Business, Housing/Buildings, Language, Nature,
Retail, Science, The media, Travel/Tourism, and War/Conflict were less identified
in all five crime types for segments with crime in private places and the
outcomes are statistically significant. Food/Drink was more captured from all
crimes at semiprivate places, and the largest disparity between Group A and
Group B was found for property crimes at semiprivate places.

The findings also presented some general patterns by crime types. Al-
though there are a few exceptions, for property crimes (Table 22 for the
example of private places and Table 21 for a summary), a significant dif-
ference was found between Group A and B segments in topics including
Business (semiprivate: x2 = 27.15, p < .01, semipublic: x2 = 277.22, p < .01,
Public: x2 = 143.97, p < .01), Crime/Law (semiprivate: x2 = 26.010, p < .01,
semipublic: x2 = 36.94, p < .01, Public: x2 = 70.22, p < .01), Culture
(Private: x2 = 71.18, p < .01, semiprivate: x2 = 132.35, p < .01, semipub-
lic: x2 = 39.50, p < .01, Public: x2 = 138.94, p < .01), Education (Private: x2 =
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6.24, p < .05, semiprivate: x2 = 97.67, p < .01, Public: x2 = 58.37, p < .01),
Food/Drink (Private: x2 = 77.016, p < .01, semiprivate: x2 = 685.78, p < .01,
semipublic: x2 = 16.64, p < .01, Public: x2 = 58.88, p < .01), The media (
semiprivate: x2 = 216.965, p < .01, semipublic: x2 = 361.58, p < .01, Pub-
lic: x2 = 188.67, p < .01), War/Conflict (semiprivate: x2 = 2.10, p < .01,
semipublic: x2 = 277.92, p < .01, Public: x2 = 126.29, p < .01), and Work
(semiprivate: x2 = 163.13, p < .01, semipublic: x2 = 586.22, p < .01, Public:
x2 = 384.79, p < .01).

For a general trend of harassment and assault crimes, a significant dif-
ference between crime and non-crime segments was observed in Person-
ality/Emotions (Harassment at Private: x2 = 128.39, p < .01, semipublic:
x2 = 20.67, p < .01, Public: x2 = 75.52, p < .01) / Assault at Private:
x2 = 24.98, p < .01, semiprivate: x2 = 6.53, p < .05, semipublic: x2 =
112.32, p < .01). This result fits to the findings from previous studies that
insist the important role of emotions in violent crime situations (Agnew, 1992;
Wortley, 2001).

Contrary to most topics that showed different associations based on the
types of crime and locations, Religion/Politics were less identified in Group
A segments in all 20 cases (crime types and locations) and differences were
significant in all segments where crimes occurred at semiprivate and public
places. The largest differences of Religion/Politics were found in segments
with assault and robbery crimes.

Comparison between crime and non-crime time (units comparison)

In the results from the analysis between time of crime and non-crime,
significant differences in topics are conspicuously found between group A1

(crime time) and A2 (non-crime time) units for crimes in semiprivate places.
Most topics did not show a statistical difference between group A1 and group
A2 units for crimes at private places unlike the results found in the analysis
between Group A and Group B. In other words, for the location category
crimes at private places, there was a significant difference in topics at crime
places and non-crime places but there is no difference between topics at
times when crime is present and those when there is no crime.

Across all types of crimes and crime locations, a substantial difference
between Group A1 and Group A2 was observed in eight topics including
Business, Food/Drink, Health, Nature, Retail, Technology, The media and War/Con-
flict. All those topics are less detected in Group A1 (crime times) than Group
A2 (non-crime times) units.

Considering crime types, consistent patterns were observed in topics for
group A1 and group A2 for property crimes and assault crimes. For property
crimes, topics such as Houses/Buildings (semiprivate: x2 = 26.06, p < .01,
semipublic: x2 = 42.99, p < .01, Public: x2 = 11.90, p < .01), Language
(semiprivate: x2 = 159.59, p < .01, semipublic: x2 = 12.82, p < .01, Public:
x2 = 30.14, p < .01), and Science (Private: x2 = 3.07, p < .1, semiprivate:
x2 = 17.41, p < .01, Public: x2 = 7.48, p < .01) were seen in higher pro-
portions in Group A1 (crime times). For assault crimes, topics including
Nature (semiprivate: x2 = 24.14, p < .01, semipublic: x2 = 5.12, p < .01), The
media (semiprivate: x2 = 24.14, p < .01, semipublic: x2 = 5.12, p < .01), and
War/Conflict (semiprivate: x2 = 4.05, p < .05, semipublic: x2 = 17.57, p < .01)
were less detected in Group A1. For both crime types, the largest differences
were found in crimes at semipublic places.
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Table 21: Summary of all types of crime: frequency of topic by each group

Crime locations: a = private, b = semiprivate, c = semipublic, and d = public

(+): over-represented, (-): under-represented in crime segments or units

Group A and Group B Group A1 and Group A2

a b c d a b c d
Animals

Property (+)*** (–)*** (–) (+) (+)** (–) (–) (+)

Harassment (+)*** (–)*** (–)*** (–) (–) (+) (–) (–)

Assault (+)** (–)* (–)*** (–)*** (–) (–)* (–) (–)***

Robbery (–) (–)*** (+)*** (–)*** (+) (+)** (–) (–)

Drug (–)** (–)** (–)*** (–)** (+) (–) (–) (–)

Body and
appearance

Property (+)*** (–) (–)*** (+)*** (+)*** (–)*** (–) (–)

Harassment (+)*** (–)*** (–)*** (–) (+) (+) (+) (–)

Assault (+)*** (–) (–)*** (–)*** (+)* (–)** (–) (–)

Robbery (+)*** (+) (–)** (–)*** (+)*** (+) (–) (+)

Drug (–)** (–)*** (–)*** (–) (+) (–)** (–) (–)*

Business

Property (–)*** (+)*** (+)*** (+)*** (+)*** (–) (–)*** (–)

Harassment (–)*** (+)*** (+)*** (–)* (–) (–) (–)*** (+)

Assault (–)*** (–)*** (–)*** (–)*** (–) (–)*** (–)** (–)***

Robbery (–)*** (–)*** (–) (–)*** (–) (–) (–) (–)

Drug (–)*** (–)*** (–)*** (–)*** (+) (–)*** (+) (–)

Clothes and
fashion

Property (+)*** (–)** (–)*** (+) (–)* (–) (+) (+)

Harassment (+)*** (–)*** (–)*** (+)* (+) (+) (+) (–)

Assault (+)* (–)*** (–)*** (–)*** (–) (–) (–) (–)

Robbery (+) (+) (+) (–)*** (–) (+) (–) (–)

Drug (–)*** (–)*** (–)*** (–)*** (–) (–)* (+) (–)

Crime and law

Property (+) (+)*** (+)*** (+)*** (–) (–) (–) (–)

Harassment (–) (+)*** (–)*** (–)*** (+) (–) (–) (–)

Assault (+) (–) (–)*** (–)*** (–) (–)*** (–) (–)

Robbery (–) (–)*** (–)*** (–)*** (–) (+) (–) (+)
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Drug (–)*** (–)*** (–)*** (–) (–) (+) (+) (–)**

Culture

Property (+)*** (+)*** (+)*** (+)*** (+) (–)*** (–)* (+)

Harassment (+)*** (+)*** (–)*** (–) (–) (+) (–) (–)

Assault (+)*** (+)*** (–)*** (+)*** (–) (–) (–) (–)

Robbery (–) (–) (–)*** (–)*** (–) (–) (–) (–)

Drug (–)*** (+) (–)*** (–) (–) (–)** (+) (–)**

Education

Property (+)** (+)*** (–)*** (+)*** (–) (–) (–) (+)

Harassment (–)*** (+)* (–)*** (–) (+) (–) (+) (–)

Assault (–) (–)* (–)*** (–)*** (–) (–)* (+) (–)

Robbery (–)*** (–) (–)*** (–)*** (+) (+) (–)** (–)**

Drug (–)*** (–)*** (–)*** (–)*** (–) (+)*** (–) (–)

Family and life
stages

Property (+)*** (–)*** (–) (–) (–) (–)* (–) (+)

Harassment (+)*** (–)*** (–)*** (+)*** (+) (–) (–) (–)

Assault (+)*** (–)*** (–) (–)*** (+) (–)** (–) (+)

Robbery (+)*** (–)*** (–) (+) (+) (+) (+) (+)*

Drug (–) (–)*** (+) (–) (+) (–) (+) (–)*

Food and drink

Property (+)*** (+)*** (+)*** (+)*** (+) (–)** (–)** (–)

Harassment (+) (+)*** (–)*** (+) (+) (+) (–) (+)

Assault (+) (+)*** (–)*** (+)*** (–)*** (–)*** (+) (–)

Robbery (–)*** (+)*** (+)*** (–)*** (–) (+)*** (+) (–)

Drug (–)*** (–)* (–)*** (–)*** (+) (–)*** (+) (–)***

Health

Property (+)*** (–)*** (–)*** (–)*** (+) (–)*** (–) (–)***

Harassment (+)*** (–)*** (–)*** (+)*** (+)** (–) (–) (+)

Assault (+)*** (–)*** (–)*** (–)*** (+) (–)*** (–) (–)**

Robbery (+)*** (–)*** (–)*** (–)*** (–) (+) (–) (–)

Drug (–) (–)*** (–)*** (+) (–) (–)*** (+) (–)***

Houses and
buildings

Property (–)*** (+)*** (+)*** (+)*** (+) (+)*** (+)*** (+)***

Harassment (–)*** (+)*** (+)*** (+)*** (–) (–)*** (+) (+)
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Assault (–)*** (+)*** (+)*** (+)*** (–) (+) (–) (+)

Robbery (–)*** (–)* (+)*** (–)*** (+)* (–) (–)* (–)

Drug (–)*** (+)*** (+)*** (+)*** (–) (+)*** (–) (+)**

Language

Property (–)*** (+)*** (+)*** (+)*** (+) (+)*** (+)*** (+)***

Harassment (–)*** (+)*** (+)*** (+)*** (–)** (+) (+)** (–)

Assault (–)*** (+)*** (+)*** (+)*** (–) (–)*** (+) (–)**

Robbery (–)*** (+)*** (+)*** (–)*** (+) (–) (–) (–)

Drug (–)*** (+)*** (+)*** (+)*** (+) (–) (–) (+)

Leisure

Property (–)*** (–)*** (+)*** (–) (–)* (–)* (+) (+)

Harassment (–)*** (+)*** (–)*** (+)*** (+) (–) (–)*** (+)

Assault (–)*** (–)* (–)*** (–)*** (+) (–) (–)** (+)

Robbery (–) (–)*** (–)* (–)*** (+) (+) (–) (–)***

Drug (–)*** (+)*** (–) (–) (+) (–) (–) (+)

Nature

Property (–)*** (–)*** (+)*** (–)*** (+) (–)*** (+)*** (–)

Harassment (–)*** (–)*** (+)*** (–)*** (+) (–) (–)** (+)

Assault (–)*** (–)*** (+)*** (–)** (–) (–)*** (–)** (–)***

Robbery (–)*** (–)*** (–)*** (–)*** (–) (+) (+) (+)

Drug (–)*** (–)*** (+)*** (–)** (+) (–)*** (–)*** (–)***

Personality
and emotions

Property (+) (–)*** (+) (–) (+) (–) (+) (–)

Harassment (+)*** (–) (+)*** (+)*** (+) (–)** (–) (+)

Assault (+)*** (+)** (+)*** (–)*** (+) (–)* (+) (–)

Robbery (+)*** (–)*** (–) (+)* (–) (+) (+) (–)

Drug (–)*** (+)** (–)*** (+)*** (–) (–)*** (–) (–)

Religion and
politics

Property (–)*** (–)*** (–)*** (–)*** (+) (–)* (–) (–)

Harassment (–)** (–)*** (–) (–)*** (+) (–) (–) (–)

Assault (+) (–)*** (–)*** (–)*** (–) (–)** (–) (–)

Robbery (–) (–)*** (–)*** (–)*** (+) (–) (+) (–)

Drug (–) (–)*** (–)*** (–)*** (–) (–) (–) (–)***

Retail
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Property (–)*** (+)*** (+)*** (+)*** (–) (+)*** (–) (–)

Harassment (–)*** (+)*** (+)*** (+)*** (–) (+) (–)*** (+)

Assault (–)*** (+)*** (–)** (–)*** (–) (–)** (–)* (+)

Robbery (–)*** (+)*** (+)*** (–)*** (–) (+) (–) (–)

Drug (–)*** (+)*** (–) (+)*** (–)** (–)*** (–) (+)

Science

Property (–)*** (+)*** (+)*** (+)*** (+)* (+)*** (+) (+)***

Harassment (–)*** (+)*** (+)*** (+)*** (–) (–)** (–) (+)**

Assault (–)*** (+)*** (+)*** (+)*** (–) (–)*** (+)*** (+)

Robbery (–)*** (–)*** (+) (–) (+) (–) (–)** (–)

Drug (–)*** (+)*** (+)*** (+)*** (–)* (–)*** (+) (+)***

Social issues

Property (+)*** (–) (–)*** (+)** (+) (–)*** (–) (–)**

Harassment (+)*** (–)*** (–) (–)*** (–) (–) (–) (–)

Assault (+)*** (–)*** (–)*** (–)*** (–) (+) (+) (–)

Robbery (+)*** (–) (–)** (–) (+) (+) (–) (–)

Drug (–)*** (–)*** (–)*** (–)*** (–) (+) (+) (–)

Technology

Property (+) (–)*** (+)*** (–) (–) (–)*** (+)** (–)

Harassment (–) (–)*** (+)* (+)*** (–) (–) (–) (+)**

Assault (+) (–)*** (–)*** (–) (+) (–)*** (–) (–)**

Robbery (+)** (–)*** (–)*** (–)*** (+) (+)** (–)* (–)**

Drug (–)** (–)*** (+) (+) (–) (–)*** (–) (–)***

The media

Property (–)** (+)*** (+)*** (+)*** (–) (–)*** (+)*** (–)

Harassment (–)*** (–)*** (+)*** (–)*** (–)** (+) (–) (–)

Assault (–)*** (–)*** (+)*** (+)*** (–) (–)** (–)*** (–)**

Robbery (–)*** (–) (–)*** (–)*** (–) (+) (–) (–)

Drug (–)*** (–)*** (+)*** (+)*** (–) (+) (–)** (–)***

Travel and
tourism

Property (–)*** (–) (+)*** (–) (–) (–)*** (+)*** (+)

Harassment (–)*** (–)*** (+)*** (–) (+)*** (–) (–)** (–)

Assault (–)*** (+) (+)*** (–)*** (–) (–)*** (–) (–)

Robbery (–)*** (–)*** (+)*** (–)*** (+) (–) (–) (+)

Drug (–)*** (–)*** (+)*** (+)*** (–) (–)*** (–) (–)*
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War and
conflict

Property (–)*** (+)*** (+)*** (+)*** (+) (–)** (+)*** (–)

Harassment (–)*** (+) (+)*** (–)*** (+) (+) (–) (–)

Assault (–)*** (–)*** (+)*** (+)*** (+) (–)** (–)*** (–)**

Robbery (–)*** (–)*** (–)*** (–)*** (–) (+) (+) (–)

Drug (–)*** (–)*** (+)*** (+)*** (+) (–) (–)*** (–)***

Work

Property (–)*** (+)*** (+)*** (+)*** (+)** (–) (–)*** (–)

Harassment (–)*** (+)*** (+)*** (–)*** (+) (+) (–)** (–)***

Assault (+)*** (–)*** (–)*** (–) (–) (–)* (+) (–)

Robbery (–)*** (–)*** (–)*** (–)*** (+)* (+)*** (–) (–)

Drug (–)*** (–)*** (+)*** (–)*** (+) (–)*** (–) (–)***

* p<.1; ** p<.05; *** p<.01

Table 22: Property at private places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 12,088

(6.13)***
19,031

(5.91)
230

(7.02)**
11,858

(6.11)

Body and
appearance

21,630

(10.96)***
33,402

(10.37)
408

(12.46)***
21,222

(10.94)

Business 19,208

(9.74)***
33,351

(10.35)
378

(11.54)***
18,830

(9.70)

Clothes and
fashion

30,102

(15.26)***
47,822

(14.84)
464

(14.17)*
29,638

(15.27)

Crime and law 21,338

(10.81)
34,812

(10.80)
330

(10.08)
21,008

(10.83)

Culture 43,819

(22.21)***
68,371

(21.22)
733

(22.38)
43,086

(22.21)

Education 23,254

(11.79)**
37,242

(11.56)
381

(11.63)
22,873

(11.79)

Family and life
stages

32,669

(16.56)***
50,209

(15.58)
526

(16.06)
32,143

(16.57)

Food and drink 30,154

(15.28)***
46,384

(14.39)
518

(15.82)
29,636

(15.27)

Health 40,644

(20.60)***
65,300

(20.26)
712

(21.74)
39,932

(20.58)
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Houses and
buildings

31,170

(15.80)***
64,454

(20.00)
524

(16.00)
30,646

(15.79)

Language 38,999

(19.77)***
75,770

(23.51)
648

(19.79)
38,351

(19.77)

Leisure 52,364

(26.54)***
92,622

(28.74)
826

(25.22)*
51,538

(26.56)

Nature 28,045

(14.21)***
51,736

(16.05)
494

(15.08)
27,551

(14.20)

Personality
and emotions

79,775

(40.43)
129,654

(40.23)
1,336

(40.79)
78,439

(40.43)

Religion and
politics

9,059

(4.59)***
15,378

(4.77)
167

(5.10)
8,892

(4.58)

Retail 14,434

(7.32)***
24,971

(7.75)
234

(7.15)
14,200

(7.32)

Science 13,602

(6.89)***
29,310

(9.10)
251

(7.66)*
13,351

(6.88)

Social issues 9,296

(4.71)***
13,709

(4.25)
167

(5.10)
9,129

(4.70)

Technology 22,190

(11.25)
36,219

(11.24)
368

(11.24)
21,822

(11.25)

The media 15,937

(8.08)**
26,548

(8.24)
263

(8.03)
15,674

(8.08)

Travel and
tourism

36,831

(18.67)***
66,721

(20.70)
592

(18.08)
36,239

(18.68)

War and
conflict

5,229

(2.65)***
11,130

(3.45)
90

(2.75)
5,139

(2.65)

Work 18,415

(9.33)***
31,024

(9.63)
346

(10.56)**
18,069

(9.31)

* p<.1; ** p<.05; *** p<.01

7.5 discussion

This research starts with a basic concept; potential behaviours and actions
can be captured by the traits of an individual. Among various approaches to
quantify such traits, this study uses digital traits in particular those ‘stamped’
on social media posts. In traditional criminology, potential traits that might
explain criminal behaviours have often been defined by a feature of an indi-
vidual such as gender, level of education, or ethnicity. We cannot completely
deny the leverage of these static features on our potential behaviours, how-
ever, we cannot completely define ourselves by them either, because what
we believe and what does or does not interest us may be a more reason-
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able and logical way to define us in terms of our likely actions than static
characteristics.

In this research, online traits were measured by a content-based analysis
of social media posts using topic-based and online activity-based classific-
ations. The results of this study demonstrated that online traits at places
are substantially related to crimes and therefore meaningful indicators of
criminal situations. Results revealed that the posts about tourist attractions
were generated in higher levels at places with property crime records. Fur-
ther, locations with any type of crime at semiprivate places had more posts
referring to commercial and retail topics. In particular, these posts containing
topics of Culture, Food/Drinks, Houses/Buildings (i.e. Historic and Reli-
gious building, Public places, etc), and Retail were highly captured at the
places with property crime or crimes at semiprivate places. Unlike property
crimes, places with violent crimes such as harassment and assault crimes
produced more posts about Personality/Emotions. This is interesting, as it
appears to be representing the instrumental nature of property crime and
the more expressive nature of violent crimes.

Results also demonstrated that some topics are highly generated in places
without any recorded crime. The posts showing interests on topics which we
frequently use in our daily conversation such as Clothes/Fashion, Health
(i.e. Diet, Fitness, etc), Leisure (i.e. Hobbies, Other activities, etc), and Nature
(i.e. Weather), and subjects with respect to current affairs or issues such as
Business, Crime/Law, Education, Social issues and Religion/Politics were
less found in crime places. Notably, messages about Religion/Politics were
consistently less found in crime places. It seems that where we discuss our
passions and interests at deeper levels of interaction less crime tends to
happen. The analysis comparing topics between crime and non-crime times
demonstrated similar findings. Results indicated that the posts to discuss
serious subjects such as Business, Retail, Technology and The media, or to
have casual conversation including Food/Drink, Health and Nature were
less observed at time of crimes in all crime types at all location types.

The results of online activity analysis indicated that the posts for Conver-
sation, Informal broadcasting and Informative broadcasting were found less
at most crime locations by crime types. The posts with location information
such as Location status and Informal broadcasting with location status were
found substantially more at crime places. For analysis on differences between
time of crime and non-crime, the online activities including Conversation
and Informative broadcasting were less found at the time of crimes and the
activities such as revealing location information were more detected at crime
time.

It is interesting to report that people who post Conversation, or Informal
broadcasting are more likely to be associated with less crime. This might
be understood in the concept of social cohesion, which is known as a key
feature of deciding a level of informal guardianship of the area. In previous
studies, social cohesion is estimated by various social and physical factors;
a survey (e.g. a level of neighbours chat (Yang et al.,2002; Cramm et al,
2013)), physical factors (e.g. gated communities (Manzi and Smith-Bowers,
2006), schools (Witten et al., 2001), and greenspaces (Farahani et al., 2018).
Like those indicators, a level of social cohesion can be measured by social
behaviours, here, sociable online-activities such as communicating with other
uses, sharing their thought via posts, and showing interests about social
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issues. These findings are consistently observed at crime places that have in-
and out-flow of dynamic populations.

Overall, this study suggests that online traits generated some meaningful
and valuable insight into people in crime situations and how they take
their roles in the situations. According to the results from the topic-based
and online activity-based analysis, a place and time that has a considerable
amount of people who post topics related to daily conversation and who use
the social media to communicate with others are more likely to be related to
lower crime rates. The outcome also indicates that people who discuss social
and religious issues on social media are less likely to be found in a place and
time where and when crimes occurred.

Equally importantly, some online traits are more likely to contribute to
criminal situations. People who create social media texts about any types of
touristic attractions and who share the locations where they visit are more
likely to be discovered at property crime places and time of crime only at
the places allowing public access. Lastly, people who post comments about
their emotions are more likely to be exposed to violent crimes.

Based upon the theoretical framework of the current research, these find-
ings can be interpreted as the people showing a sociable disposition and
having interests in social issues or religious belief could potentially be guardi-
ans of the places where they are or potentially indicate community spirit that
helps inoculate against crime. The findings also can be read as the places hav-
ing a substantial amount of posts about touristic attractions such as a place
to enjoy, go, and eat are more likely to generate high crime opportunities.

While the analysis produces meaningful outputs for future crime sci-
ence research, some significant limitations of the utilised data still remain. Note: over and above

data
representativeness
which is covered in
chapters 3 (p.3.1.3)

Although comparing with other social media platforms Twitter is optim-
ised for sharing the topics that users are interested in rather than sharing
self-structured personal data (Hughes et al., 2012), the ability to harvest
the information cannot fully justify the validity of the data. Therefore, the
self-selecting nature of the sample still needs to be consider to interpret the
outputs of the current research and future research needs to understand
there might be a significant gap between the self-selecting samples and the
total population.

The diversity, intensity or interrelation of topics was not considered in
the analysis. According to the studies on the diversity of interests, people
with less constrained interests have greater flexibility to tailor themselves to
others adopting and communicating with the other people. Taking a closer
look at the intensity of some online traits such as political orientation may
generate interesting findings related to a level of bonding with people who
share the traits. More importantly, topics are not independent. Examining
the interrelation of different topics would create how they correlate and act
in crime situations.

As a primary study attempting to understand the correlation between
online-traits and crime, the research tried to employ a reasonably simple and
straightforward method that would be easily modified or updated in future
studies on crime patterns. For instance, instead of using the existence of the
topic words, unsupervised computer assisted methods or developing more
complicated coding rules could suggest more nuanced findings.

Further issues are the relationship between individual posts and the col-
lective ‘concerns’ of those in a particular spatiotemporal unit. As mentioned
above the measures discussed here can be seen in some senses as population-
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driven ‘social atmospheres’ of areas at certain times. The degree to which
the social atmosphere of a street segment is the correct unit of analysis for
understanding crime situations at a specific place is an open debate and
should be explored in further research.

It might also be interesting to explore the interaction between the concepts
measured by the posts and other measures or predictors of crime at place.
For instance, in some cases the posts could be seen to be partly representing
land use rather than ‘social atmospheres’. This is evident for some of the
property crime analysis. However, it is rare to be able to measure concepts
such as personalities and emotions at the small area level and therefore posts
certainly add an extra layer to crime analysis.



8
D I S C U S S I O N A N D C O N C L U S I O N

8.1 summary of thesis

The purpose of this thesis has been to examine the potential utility of using
geocoded social network data to test criminological theory concerned with
crime patterns. While theories of environmental criminology concern the
dynamic interactions between offenders, victims, and guardians in crime
situations, traditional methods of data collection are ill-equipped to capture
the dynamic patterns associated with people’s daily activities. Moreover, the
approaches to data collection adopted in the field rarely offer insight into
the attributes of population, focusing on numbers rather than characteristics.
Neither do they examine social cohesion in a dynamic way, thereby ignoring
the potential for collective action in specific settings.

These shortcomings of the data used in previous research cannot be ad-
dressed using traditional methods of data collection, which impedes progress
both conceptually and empirically. Traditional methods have tended to rely
on large-scale census data or small-scale detailed surveys. Research using the
former is restricted by the prescribed fields collected for administrative pur-
poses, and that using the latter suffers from inadequately sized population
samples. Both these sources are also insufficiently dynamic - representing
only one or several points in time. Geolocated social network data, however,
provides a potential opportunity to advance research conducted in the dis-
cipline, providing as it does information on people’s patterns of movement
as well as semantic content.

Based on the findings and limitations identified from previous studies,
there was a need to signpost for crime scientists the various directions they
can explore in future research on the relationship between crime and dynamic
population, specifically computed from georeferenced social media messages.
Considering that the previous studies did not successfully produce robust
correlations between crime and the population and only focused on the
volume of them (see Malleson and Andresen, 2015b; 2016), the current study
suggested to explore the relationship employing 1) further categorisations of
crime types and locations and 2) in-depth information about users - in this
study emotions and tendencies, which can be extracted from the messages.

In the current research, two activities were necessary to pursue the aim.
First was the development of a theoretical frame more for exploring the
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relationship between identified online-population and crime. This was neces-
sary because the majority of previous research tends to suggest advanced-
computational methods or demonstrate statistical significance between social
media data and crime rather than providing an in-depth criminological
framework, which therefore fills a gap in current research in the field. The
second was an examination of big data analysis methods previously used in
related fields, which enabled the effective identification of methods suitable
for spatiotemporal crime pattern analysis. Building on these activities, this re-
search analysed the relationship between mobile population as measured by
social media data and crime with different crime types (property, harassment,
assault, robbery, and drug) at different locations (private, semiprivate, semi-
public, and public). Whilst categorising by both crime type and place have
increased the number of analyses necessary in exploring relationships, this
can be considered a strength of the research approach as it is evident from the
results that they are important contextual characteristics in understanding
the crime-population relationship.

Summary of results
This section briefly summarises the thesis findings from the three empirical

chapters. In each case the research questions are recapped and the main
results from the analysis are reported.

Mobile ambient population patterns

What are the spatial and temporal patterns of mobile population? How
can these patterns of movement and fluctuation be used in efforts to test
theories of crime pattern formation?

To answer these questions, the movement and fluctuation of estimated
ambient population derived from Twitter data was analysed at the spatiotem-
poral level. The research found that Twitter appeared to be a particularly
appropriate denominator for crimes at places where there is public access.
In most cases, crime increased when the floating population increases, but
for minor violent crimes (harassment), the high flow of population tends to
reduce crime. Additionally, violent crimes at private places, which might
be understood in the neighbourhood cultural context of residents, were less
associated with mobile population, in other words, were less likely to be
affected by the existence of potential guardians. This research indicates that
(1) as shown in other research studies, it is helpful to use ambient populations
to study crime and (2) that this relationship is heavily mediated by the type
of crime and the type of location considered.

Mobile population emotion patterns

What “emotions” of people of the mobile population are associated with
patterns of crime concentration at place and time? What types of crime are
significantly correlated with particular mobile user emotional patterns?

In answer to these questions, the second analysis suggested that certain
types of negative emotions such as anger and swearing might be related
to crime more than other negative emotions. In particular, the positive role
of anger and swearing on violent crimes was observed at private places
and semiprivate places. As highlighted in previous studies that discuss the
positive effects of fear on encouraging crime preventive behaviours, fear as
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measured in the ambient Twitter data is more likely to be associated with a
lower volume of crime. The results also underlined the correlation between
emotional traits (emotional tendency) of the places and emotional states of
crime situations (temporal emotion changed by stimuli).

Mobile population attribute patterns

How social cohesion can be measured in the microblogging messages?
What types of online-traits of the present population (topic/interest or online-
activity) are associated with crime patterns positively or negatively? Do
different online-traits correlate with certain crime types and crime situations?

These questions were answered by exploring online traits (topic-based and
online activity-based) analysis. The results revealed that posts about tourist
attractions were highly detected at places with a high level of property crimes.
At spatiotemporal units that did not experience a crime (non-crime units),
posts containing topics which we frequently use in our daily conversations
(i.e. fitness, hobbies, and weather) were more frequently identified. For
online activities-based analysis, social online behaviours such as having a
conversation or posting thoughts were found more in non-crime places and
situations . These findings offer empirical support towards the mechanism of
social cohesion/collective efficacy; that areas with ’social atmospheres’ are
less likely to have high crime levels.

8.2 research implications

There are a number of general implications that arise from this research.
These relate to (1) the development of more theoretical big data approaches;
(2) the use of social media data in understanding social connections that
influence crime; (3) the role of social media approaches in measuring near
crime causes and reducing bias against vulnerable population groups. These
are discussed in turn in this section.

Stories behind big data
Nate Silver, a statistician and a developer of prediction and forecasting

programmes expressed concern in an attitude that sees big data as a cure-all
and identified issues that could be caused by data-driven predictions. In
his book The Signal and the Noise: The Art and Science of Prediction, he said
"The numbers have no way of speaking for themselves. We speak for them.
We imbue them with meaning...Before we demand more of our data, we
need to demand more of ourselves" (Silver, 2012, p.7). Like Silver pointed
out, this data (such as the social media data used in this thesis) is the sheer
information and does not speak meaningful things before being transformed
from information into knowledge.

Although it is hard to deny that recent studies on big data, which use
advanced computational methods, increase efficiency and have been brought
an excellent new perspective to the crime science field, analysis built upon
weak theoretical understanding clearly has a limitation since this generates
facts rather than knowledge. A theory-led approach is more likely to generate
knowledge by revealing underlying stories that help explain why the patterns
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have been observed and generating future direction on how to utilise the
data to develop crime prevention strategies.

In other fields, there have been numerous attempts to develop forecasting
models using big data such as medical, natural disasters, politics, economy
via innovative and highly mathematical approaches but purely naïve mod-
els have limited success in generating successful predictions (Lazer et al.,
2014). Taking one example, in the early stages of big data analysis, Google
introduced ’Google Flu Trends’ on Nature which expected to provide an
accurate and inexpensive way to track the outbreak of flu symptoms (Gins-
berg et al., 2009). The engineers simply set up two key search words, ’flu
symptoms’ or ’pharmacies near me’ in belief that these would be directly
linked with the outbreaks but the this not enough to produce the knowledge
that Google sought. The keywords were selected by simple intuition and did
not incorporate careful hypothesis (Harford, 2014); people without the flu
would google for the information. As a result, it missed the 2009 swine flu
pandemic and over-predicted, nearly double, flu outbreaks in 2013 (Salzberg,
2014). Of course, whilst reasons for model failure might have come from
other factors such as technical errors or inappropriate analysis designs, an
absence of theoretical rationale is a threshold issue for big data analysis.

With this in mind, producing a theoretical structure was deemed the first
step that we, crime scientists, need to take in turning big data sources into
a worthwhile asset for studying crime and constructing crime prevention
strategies. For this reason, as a study at the beginning stage, the data was
construed within an environmental criminology framework, using particular
theories of neighbourhood effects and opportunity perspectives that has
been studied in the past decades using various approaches and methods.
Thus, the research attempted to examine the data utilising the fundamental
concepts and factors adopted from previous studies, to best highlight the
usefulness of this data in future crime research.

A new wave of criminology
Although the validity of using social connections identified from online

platforms as an indicator of real-world interpersonal relation has not yet been
firmly established, recent studies have found reciprocal interactions between
users in on- and offline social networks (Baym, 2002; Chan and Cheng, 2004).
Theories of social cohesion and disorganisation hypothesise that socially
well-organised neighbourhoods suppress crime through increased levels of
collective efficacy, which enhance a willingness to intervene for the com-
mon good (see Sampson and Grove, 1989; Sampson, 1991; Sampson and
Raudenbush, 1999).

In previous empirical studies, social cohesion has been explored with
various approaches, but ways to analyse collective efficacy have been limited
by past measurement. For example, when Shaw and McKay published their
initial ideas, the mechanism they wanted to discuss was not the effects of
three features of neighbourhoods; mobility, racial heterogeneity, socioeco-
nomic status on crime, but the informal mechanism of social control which
would be damaged by poor social cohesion. However, at the time there was
no data available to measure the latter directly. It is not easy to deny that
social and demographic characteristics such as race, the period people have
been resident in an area, or the levels of income and education, describe types
of individuals who share similar characteristics, but such characteristics are
also not a direct way to measure how the individuals in a group effectively
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function. As the theory states that shared sense of identity, shared norms, and
shared values are the core indicator of the willingness to enforce these norm
and values (Sampson et al., 1997), the different ability of neighbourhoods to
act collectively should be measured based on how they define their identity
themselves not through the use of proxies.

In the pre-internet era, people were only connected in the physical envir-
onment and the boundary of people‘s lives were very limited. This meant
that people who shared physical boundaries were those making real con-
tact and hence interpersonal relationships. In the internet-age the physical
boundary has been collapsed and social interaction limits are widened. As
we continue to build up relationships with diverse people who have differ-
ent backgrounds and opinions, the concept, collective efficacy, should be
measured via the data fit for representing the conditions we live in today.
The dynamic status such as what people think, and how people feel, as
measured by their attitudes, communications and emotions, therefore, would
be a more direct/accurate/correct indicator to predict their behaviours about
how they would deal/react with disorders or crimes rather than static in-
formation/tangible features such as what they look like or where they come
from. In modern society, sharing the same tangible features might be not
enough to understand how much people feel a sense of belonging to the
group they are in or the community they belong to. In this thesis, therefore,
the construction of new direct and indirect indicators of social connectivity
are explored in the scientific faith that social media can be accepted as a
crucial channel of communication and can provide a new perspective for
future crime research.

The data for ruling out bias
To build an easy and quick crime prevention strategy, it is very tempting to

start it with oversimplified demographic characteristics of criminals; young,
poor, coloured, and male. However, this biased prevention approach has
been damaging to society and this discrimination on the ‘prime suspects’,
who equally can be called the minority, has been aggravating social divisions
between them and others (see ’Why people obey the law’(2006) and Trust and
legitimacy (2011) by Tom Tyler).

Not only can it lead to a negative preconception against a certain popula-
tion segments, causing disproportionate law enforcement and unbalanced
judicial decisions, but it also shortens the sight of crime researchers block-
ing creativity and innovation when exploring the mechanisms of criminal
behaviours. Because the abundance of statistical studies representing ‘crime
causes’ using demographic characteristics, these studies self-perpetuate and
limit innovation. Although the demographic characteristics could statistically
reveal a group of individuals more likely to commit law-violating behaviours
than others, putting too much weight on their characteristics overestimates
distal-causes, (e.g. socioeconomic status), and underestimate near-causes,
(e.g. immediate criminogenic situations), which can create more effective,
efficient and fair solutions for crime prevention.

The official statistics of criminal demography show that 33 per cent of
people who were sentenced were black in the US (According to 2017 census,
black represented 12 per cent of the U.S. population) (Pew Research Centre,
2019). Although alternative statistics such as criminal conviction, stop and
search, or victimisation persistently show that a certain group of people is
more likely to fall into a problematic category, this does not justify an over-
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simplified selection of the ‘usual suspects’. As the Criminal Justice System
exists to punishing the guilty and protect the innocent, crime prevention
policies should not accuse the people who just belong in the vulnerable
group or simply categorise them as potential criminals.

The empirical observation on crime patterns has consistently generated
the same outcome; crime is concentrated at certain and a few places and
time (see Johnson, 2010). As this finding is an accepted axiom, it has taken
an important role in policy implications and has been led to significant
changes in policing strategies. However, place-based approaches are inclined
to treat the reasons why crime are concentrated in the places less importantly
(Weisburd and White, 2019). The policing strategies could be effective but
could be questionable in the longer term because preventive actions are
developed based on the results of crime - spatial patterns - not the reasons
that lead to crime manifestation in the particular situation. Recent research
has begun to expand crime hot spot research with this in mind, such as
looking at crime places in relation to the level of mental and physical illness
of the place (Weisburd and White, 2019). This is in its infancy and more
studies are needed to offer unique and different ways of framing crime
places.

Measuring demographic and socioeconomic trends have to date been
treated as the fundamental method of understanding crime behaviours.
Factors such age, race, sex, levels of education and income, marital status, oc-
cupation, and religion, are typically used to identify groups and community
features and predict the behaviours of those groups (Lavrakas, 2008).

However, the framework is incomplete according to one of the findings
from this research- that ‘stable’ demographic and socioeconomic charac-
teristics are only effective at explaining crimes at private places, and a
complementary approach is needed . An approach that employs big data as
has been described in this thesis is ageless, financialess, raceless, and gen-
derless and represents opinions and emotions rather than characteristics has
promise and could combat some of the social problems the current policing
strategies create. As emphasised in the findings of three empirical studies,
mobile population would be a more precise indicator of the characteristics of
people and explain crime at public places that allow public accessibility and
have a high level of population flow. It follows that utilising social media
data, which has real-time information of people with their location, would
offer more benefits for building crime prevention strategies targeting crimes
at public places rather than those at private places.

8.3 research limitations and future research

This research has only focused on text-based analysis which is the most
basic and simplest way to explore trends in social media data, which might
well not be the optimum approach. This research focused on understanding
‘placenality’ which refers to the combination of characteristics forming a
distinctive character of a place as measured by online-population. In other
words, the research tried to catch the pattern of the places by the accumu-
lated patterns of dynamic population but did not consider characteristics of
individuals directly impacted by the event which may bring more interesting
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findings and more extensively utilise the capacity of the new data source. So,
this research did not study the interactions between users at the micro-level
based on individual histories and activities.

One of the most notable characteristics of social networking services are
networking. In the case of Twitter, it has a networking system which is
called "following", in which each individual can decide who to ’follow’ or
’communicate’. According to a recent study, nearly 70 per cent of the users of
Twitter follows more than 80 per cent of the followers meaning that a group
of people who follow each other would share some similarity in activities
or subjects (Weng et al., 2010). For future research, adding reciprocity in the
following relationships such as network between users and the characteristics
of the followers could generate more interesting results.

There are many diverse platforms of social media. I utilised text-based
Twitter data for this research but an analysis with Facebook or Instagram
that includes pictures and videos might have produced different results.
For future research, using a variety of social media platforms would draw
more solid and concrete conclusions, particularly if the analysis triangulated
findings from multiple data sources.

The use of new types of data such as social media text faces several
critiques that are worth considering here. First of all, the data may not Note: see the section

’Big Data hubris’ in
Chapter 3 (p.26)

be sufficient to represent the entire population, which means the online-
population data could be vulnerable to selection bias. The most significant
doubt comes from the distrust that the data would not be enough to represent
the target population in the real-world. Furthermore, the geotagged messages
are a self-selecting sample collected from Twitter users who made the active
decision to publish their locations from the total population in the area.
Unlike a random sample selection, this decision made by the users could
generate a bias future researchers should carefully consider. This concern can
be alleviated by analysing explicit demographic characteristics of the users
(e.g. last names, gender, age, and languages) (Sloan and Morgan, 2015; Leak,
2017) beyond their user names. In looking to future crime research using
the data, while the data offer great opportunities to explore the information
which has not been captured and tested in the field of crime science, a
criticism about how representative the data are needs to be addressed for its
broader applicability.

However, unless it is a complete enumeration, the data that we collect using
more traditional ways such observation, any types of survey or interview has
the same potential risk even if it is randomly selected. Indeed, even though
over 70 per cent of the population is using the social media daily basis, the
risk that specific groups in the population could be over-represented cannot
be removed completely. This limitation of the data could be mediated by
conducting studies on various online platforms and accumulating the data
of the characteristics of population measured from each platform. Note: see the section

’online-traits and
offline-traits’ in
Chapter 7 (p.101)

Second, there is a critique on the relationship between online-personality
and off-line personality. The data may not represent the real face of the
people and some people might not be genuine in the online environment.
Some people could hide a genuine side of their personality from online-
environments. Put a different way, people could intentionally or unintention-
ally create a different identity or emotion, meaning how they behave in the
virtual community could not be reflective of their behaviours in the off-line
world. In defense of this assumption however, research recently published
found a strong correlation between online traits and offline traits (Chamorro-
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Premuzic, 2015) as the time we spend on online-world are increasing so that
it is hard to fake who we are on online.

Perhaps the best way of integrating social media data in a field such as
crime science is to understand the data as an another population layer; the
online-census population. As criminologists have been adding a layer that
could have a correlated with crime one by one in the past, the data from
social media is one more data set to assimilate - such as risky or safety
facilities, street network, and so on (Johnson and Bowers, 2013; Bowers,
2014). Suffice to say all datasets have their known limitations and these
have not restricted empirical exercises using other data sources in the past.
Social media data have limitations but also bring new possibilities. With
technological development, an incomparable amount of data can be collected
with a low cost and level of effort. Over 70 per cent of people use social
media - such a level of information is impossible to collect in the off-line
world, and the allows crime scientists to scrutinise some of the hard-to-reach
populations. This advantage can help expand criminological enquiry and
will contribute to building solid policy implications. The data also combines
temporal data with geospatial information, which reveal real-time crime
atmospheres which have been shown in this thesis to be related to criminal
behaviours and situations. This information that people are creating every
moment should help to tell the true story of crime.
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a.1 chapter 4: methods

(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 30: Maps of harassment crime
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(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 31: Maps of assault crime
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(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 32: Maps of robbery crime
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(a) Private places (b) Semiprivate places

(c) Semipublic places (d) Public places

Figure 33: Maps of drug crime

Figure 34: Temporal trends: property crime at semiprivate places |
percentages
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Figure 35: Temporal trends: property crime at semipublic places |
percentages

Figure 36: Temporal trends: property crime at public places | percentages

Figure 37: Temporal trends: harassment crime at private places |
percentages

Figure 38: Temporal trends: harassment crime at semiprivate places |
percentages
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Figure 39: Temporal trends: harassment crime at semipublic places |
percentages

Figure 40: Temporal trends: harassment crime at public places | percentages

Figure 41: Temporal trends: assault crime at private places | percentages

Figure 42: Temporal trends: assault crime at semiprivate places |
percentages
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Figure 43: Temporal trends: assault crime at semipublic places | percentages

Figure 44: Temporal trends: assault crime at public places | percentages

Figure 45: Temporal trends: robbery crime at private places | percentages

Figure 46: Temporal trends: robbery crime at semiprivate places |
percentages
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Figure 47: Temporal trends: robbery crime at semipublic places |
percentages

Figure 48: Temporal trends: robbery crime at public places | percentages

Figure 49: Temporal trends: drug crime at private places | percentages

Figure 50: Temporal trends: drug crime at semiprivate places | percentages
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Figure 51: Temporal trends: drug crime at semipublic places | percentages

Figure 52: Temporal trends: drug crime at public places | percentages

(a) Weekday (b) Weekend

Figure 53: The Population Pulse of a Manhattan Workday by Fung (2018)
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a.2 chapter 5: mobile population attribute patterns

a.2.1 Footnote tables

Table 23: Results of log-likelihood of SDM, spatial lag and spatial error
models

Private Semiprivate Semipublic Public

Property SDM 56845.591 -207167.87 155240.59 9020.0794

SAR 56845.595 -206198.39 155242.45 9028.2695

SEM 56859.667 -205236.17 155330.99 9189.639

Harassment SDM 52514.994 125535.68 299887.22 124560.74

SAR 52516.729 125544.65 299887.11 124563.53

SEM 52579.483 125721.28 299901.67 124639.35

Assault SDM 40223.074 112882.13 249050.25 55714.334

SAR 40224.638 112892.02 249052.57 55729.361

SEM 40293.283 112979.92 249136.5 55947.101

Robbery SDM 241605.54 251073.32 364996.08 166461.61

SAR 241605.56 251073.36 364996.01 166463.59

SEM 241627.34 251140.1 365030.56 166519.43

Drug SDM 139535.8 186219.56 303507.14 28892.962

SAR 139553.33 186219.74 303509.53 28848.273

SEM 139674.24 186252.63 303634.78 29019.466

Table 24: Results of R2 of SDM, spatial lag and spatial error models

Private Semiprivate Semipublic Public

Property SDM 0.01 0.17 0.03 0.05

SAR 0.01 0.16 0.02 0.05

SEM 0.01 0.15 0.02 0.05

Harassment SDM 0.02 0.02 0.01 0.01

SAR 0.02 0.02 0.01 0.01

SEM 0.02 0.02 0.01 0.01

Assault SDM 0.03 0.01 0.01 0.02

SAR 0.03 0.01 0.01 0.01

SEM 0.03 0.01 0.01 0.01

Robbery SDM 0.01 0.01 0.01 0.01

SAR 0.01 0.01 0.01 0.01

SEM 0.01 0.01 0.01 0.01

Drug SDM 0.02 0.01 0.01 0.03

SAR 0.02 0.01 0.01 0.02
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SEM 0.02 0.01 0.01 0.02

Table 25: Moran’s I statistics by crimes

Private Semiprivate Semipublic Public

I p I p I p I p
Property 0.155 0.000 0.238 0.000 0.211 0.000 0.289 0.000

Harassment 0.309 0.000 0.305 0.000 0.119 0.000 0.256 0.000

Assault 0.357 0.000 0.298 0.000 0.146 0.000 0.378 0.000

Robbery 0.237 0.000 0.189 0.000 0.021 0.191* 0.287 0.000

Drug 0.307 0.000 0.011 0.132* 0.140 0.000 0.363 0.000

* denotes Random. Otherwise, Clustered

Table 26: Moran’s I statistics by independent variables

Moran’s I p -value Type
Population size

Residential population 0.181 0.000 Clustered
Dynamic population 0.450 0.000 Clustered
Social disorganisation

Education level 0.342 0.000 Clustered
Employment status 0.245 0.000 Clustered
Income 0.449 0.000 Clustered
Residential ownership 0.434 0.000 Clustered
Racial heterogeneity 0.748 0.000 Clustered
High-risk population

Black young male 0.677 0.000 Clustered
Hispanic young male 0.760 0.000 Clustered

Table 27: Hausman’s specification test by crime

Private Semiprivate Semipublic Public

x2 p x2 p x2 p x2 p
Property 0.13 0.714 8.43 0.037 217.21 0.000 143.25 0.000

Harassment 0.04 0.851 25.44 0.000 45.99 0.000 84.22 0.000

Assault 0.54 0.462 88.42 0.000 33.05 0.000 107.56 0.000

Robbery 1.42 0.233 17.16 0.000 14.31 0.000 57.23 0.000

Drug 0.48 0.488 38.25 0.000 7.63 0.050 1.23 0.267
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Table 28: Results of unit root test

Lags 0 3 6 9 12

TW -2.060 -5.731 *** -5.865 *** -6.047 *** -5.984 ***

Property

Private -6.075 *** -4.267 *** -5.418 *** -5.472 *** -6.011 ***

semiprivate -2.308 -6.214 *** -6.543 *** -6.260 *** -5.283 ***

semipublic -6.987 *** -5.384 *** -4.410 *** -4.821 *** -4.410 ***

public -3.300 ** -5.078 *** -6.810 *** -7.225 *** -6.989 ***

Harassment

Private -4.637 *** -4.899 *** -6.249 *** -5.390 *** -5.960 ***

semiprivate -3.817 *** -4.754 *** -5.722 *** -5.826 *** -4.962 ***

semipublic -8.926 *** -5.386 *** -4.020 *** -4.872 *** -5.320 ***

public -5.084 *** -4.120 *** -5.777 *** -7.578 *** -7.708 ***

Assault

Private -5.021 *** -4.135 *** -4.319 *** -3.775 *** -4.089 ***

semiprivate -5.263 *** -5.614 *** -5.179 *** -4.044 *** -3.402 ***

semipublic -9.504 *** -5.646 *** -4.733 *** -5.042 *** -4.455 ***

public -4.759 *** -4.474 *** -4.970 *** -4.144 *** -4.355 ***

Robbery

Private -8.709 *** -4.846 *** -4.891 *** -5.333 *** -5.354 ***

semiprivate -8.312 *** -4.717 *** -4.462 *** -4.480 *** -4.716 ***

semipublic -11.938 *** -5.785 *** -4.332 *** -4.833 *** -4.406 ***

public -6.227 *** -4.701 *** -4.778 *** -5.684 *** -5.756 ***

Drug

Private -3.199 * -5.101 *** -5.409 *** -4.582 *** -5.487 ***

semiprivate -5.363 *** -4.811 *** -4.002 *** -3.740 *** -3.135 *

semipublic -9.713 *** -3.870 *** -4.515 *** -3.268 * -3.353 **

public -3.073 * -3.556 ** -4.163 *** -3.448 ** -2.988 *

* p<.1; ** p<.05; *** p<.01

a.2.2 Results: cross-correlation analysis

Table 29: CCA results of property crime

Lag Private Semiprivate Semipublic Public

-12 -0.024 -0.627 -0.412 -0.718

-11 0.079 -0.471 -0.308 -0.659

-10 0.156 -0.282 -0.187 -0.557

-9 0.245 -0.081 -0.048 -0.414

-8 0.329 0.119 0.094 -0.239

-7 0.421 0.306 0.240 -0.033
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-6 0.512 0.469 0.369 0.181

-5 0.594 0.604 0.463 0.398

-4 0.654 0.710 0.514 0.593

-3 0.687 0.779 0.539 0.749

-2 0.643 0.805 0.518 0.839

-1 0.533 0.786 0.483 0.860

0 0.358 0.723 0.430 0.810

1 0.149 0.624 0.350 0.707

2 -0.073 0.496 0.288 0.571

3 -0.257 0.335 0.205 0.406

4 -0.413 0.145 0.122 0.227

5 -0.537 -0.073 0.013 0.041

6 -0.591 -0.292 -0.108 -0.144

7 -0.591 -0.494 -0.229 -0.309

8 -0.550 -0.656 -0.363 -0.458

9 -0.455 -0.760 -0.456 -0.579

10 -0.339 -0.797 -0.499 -0.671

11 -0.217 -0.765 -0.490 -0.715

12 -0.101 -0.665 -0.430 -0.715

Table 30: CCA results of harassment crime

Lag Private Semiprivate Semipublic Public

-12 -0.545 -0.181 -0.199 -0.461

-11 -0.535 -0.028 -0.135 -0.353

-10 -0.493 0.113 -0.053 -0.224

-9 -0.405 0.250 0.061 -0.082

-8 -0.260 0.369 0.191 0.090

-7 -0.072 0.482 0.328 0.279

-6 0.145 0.583 0.434 0.453

-5 0.365 0.656 0.506 0.595

-4 0.562 0.700 0.539 0.695

-3 0.715 0.724 0.530 0.754

-2 0.806 0.706 0.490 0.762

-1 0.824 0.644 0.408 0.720

0 0.767 0.540 0.306 0.635

1 0.630 0.386 0.177 0.506

2 0.447 0.194 0.067 0.348

3 0.250 -0.002 -0.030 0.173

4 0.067 -0.201 -0.114 -0.001
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5 -0.093 -0.392 -0.191 -0.185

6 -0.228 -0.532 -0.271 -0.348

7 -0.334 -0.631 -0.331 -0.489

8 -0.415 -0.683 -0.377 -0.607

9 -0.468 -0.665 -0.388 -0.666

10 -0.499 -0.594 -0.367 -0.672

11 -0.512 -0.482 -0.326 -0.627

12 -0.519 -0.332 -0.273 -0.539

Table 31: CCA results of assault crime

Lag Private Semiprivate Semipublic Public

-12 -0.430 -0.071 -0.222 -0.349

-11 -0.509 -0.078 -0.198 -0.382

-10 -0.574 -0.102 -0.162 -0.411

-9 -0.621 -0.155 -0.111 -0.428

-8 -0.627 -0.218 -0.048 -0.431

-7 -0.583 -0.283 0.037 -0.410

-6 -0.474 -0.338 0.115 -0.378

-5 -0.316 -0.342 0.171 -0.322

-4 -0.120 -0.292 0.211 -0.238

-3 0.081 -0.190 0.246 -0.117

-2 0.278 -0.043 0.264 0.036

-1 0.444 0.116 0.286 0.208

0 0.565 0.262 0.296 0.370

1 0.625 0.366 0.278 0.497

2 0.623 0.426 0.255 0.572

3 0.556 0.433 0.229 0.608

4 0.468 0.398 0.169 0.588

5 0.361 0.327 0.089 0.519

6 0.248 0.238 -0.013 0.410

7 0.141 0.134 -0.126 0.277

8 0.043 0.058 -0.222 0.120

9 -0.045 0.009 -0.293 -0.011

10 -0.126 -0.004 -0.323 -0.114

11 -0.203 -0.001 -0.316 -0.189

12 -0.270 0.011 -0.284 -0.225
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Table 32: CCA results of robbery crime

Lag Private Semiprivate Semipublic Public

-12 -0.290 -0.342 0.091 -0.302

-11 -0.367 -0.233 0.051 -0.381

-10 -0.407 -0.123 0.005 -0.448

-9 -0.435 -0.005 -0.052 -0.483

-8 -0.446 0.093 -0.116 -0.512

-7 -0.402 0.192 -0.156 -0.517

-6 -0.322 0.264 -0.214 -0.501

-5 -0.235 0.325 -0.262 -0.460

-4 -0.119 0.396 -0.310 -0.385

-3 -0.014 0.448 -0.307 -0.273

-2 0.096 0.500 -0.258 -0.121

-1 0.208 0.535 -0.162 0.064

0 0.313 0.529 -0.069 0.266

1 0.383 0.501 0.027 0.440

2 0.437 0.436 0.096 0.576

3 0.438 0.342 0.149 0.660

4 0.422 0.213 0.187 0.701

5 0.385 0.059 0.221 0.684

6 0.334 -0.081 0.244 0.611

7 0.267 -0.235 0.226 0.483

8 0.167 -0.351 0.186 0.318

9 0.062 -0.422 0.154 0.149

10 -0.054 -0.463 0.113 -0.006

11 -0.164 -0.442 0.090 -0.138

12 -0.245 -0.382 0.070 -0.248

Table 33: CCA results of drug crime

Lag Private Semiprivate Semipublic Public

-12 -0.609 -0.139 -0.173 -0.416

-11 -0.663 -0.193 -0.148 -0.403

-10 -0.663 -0.261 -0.110 -0.365

-9 -0.608 -0.310 -0.066 -0.298

-8 -0.508 -0.349 -0.009 -0.212

-7 -0.363 -0.361 0.032 -0.111

-6 -0.181 -0.346 0.085 -0.009

-5 0.038 -0.288 0.160 0.104

-4 0.252 -0.196 0.234 0.218
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-3 0.439 -0.079 0.307 0.343

-2 0.579 0.045 0.377 0.470

-1 0.659 0.154 0.425 0.581

0 0.701 0.246 0.447 0.660

1 0.703 0.310 0.436 0.704

2 0.670 0.344 0.376 0.696

3 0.606 0.361 0.276 0.649

4 0.523 0.344 0.166 0.554

5 0.428 0.304 0.055 0.417

6 0.313 0.244 -0.076 0.244

7 0.191 0.188 -0.150 0.064

8 0.047 0.136 -0.206 -0.104

9 -0.113 0.099 -0.237 -0.235

10 -0.288 0.072 -0.224 -0.322

11 -0.457 0.035 -0.224 -0.370

12 -0.594 -0.008 -0.208 -0.387

a.2.3 Results: spatial Durbin model analysis

Table 34: Property crime at semiprivate places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.468*** -0.299*** -0.343***
Dynamic population 4.135*** 3.091*** 3.083***
Education level -0.724*** -0.856*** -0.636***
Employment status -0.006 -0.015 -0.014

Income 0.107*** 0.105*** 0.092***
Residential ownership 0.040*** -0.019* 0.032***
Racial heterogeneity 0.204*** 0.291*** 0.172***
Black young male -0.804*** -2.181*** -1.475***
Hispanic young male -2.039*** -1.606*** -1.453***
Constant 0.014

Wx

Residential population -0.102* -0.121**
Dynamic population 1.660*** 1.725***
Education level -1.852*** -1.190***
Employment status -0.134*** 0.183***
Income 0.486*** 0.364***
Residential ownership -0.066*** 0.066***
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Racial heterogeneity 0.235*** -0.235***
Black young male -1.130*** 0.650***
Hispanic young male -2.866*** 0.644***

* p<.1; ** p<.05; *** p<.01

Table 35: Property crime at semipublic places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.002 0.002 0.001

Dynamic population 0.203*** 0.189*** 0.186***
Education level -0.024** -0.045*** -0.027**
Employment status -0.010*** -0.009*** -0.009***
Income 0.005* 0.004 0.003

Residential ownership -0.003*** -0.008*** -0.005***
Racial heterogeneity 0.023*** 0.027*** 0.018***
Black young male -0.015 -0.169*** -0.109***
Hispanic young male -0.134*** -0.114*** -0.129***
Constant 0.001

Wx

Residential population 0.002 -0.008

Dynamic population 0.053*** 0.052***
Education level -0.154*** -0.101***
Employment status -0.022*** -0.005

Income 0.051*** 0.042***
Residential ownership -0.000 0.004*
Racial heterogeneity 0.023*** -0.004

Black young male -0.030 0.061*
Hispanic young male -0.271*** -0.017

* p<.1; ** p<.05; *** p<.01

Table 36: Property crime at public places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.022** 0.003 0.003

Dynamic population 0.672*** 0.621*** 0.601***
Education level -0.006 -0.108*** -0.046*
Employment status -0.022*** -0.023*** -0.022***
Income 0.029*** 0.022*** 0.016***
Residential ownership -0.019*** -0.037*** -0.026***
Racial heterogeneity 0.042*** 0.041*** 0.013*
Black young male -0.033 -0.514*** -0.316***
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Hispanic young male -0.149*** 0.240*** 0.132**
Constant 0.032***
Wx

Residential population -0.041** -0.104***
Dynamic population 0.062*** 0.086***
Education level -0.463*** -0.285***
Employment status -0.044*** -0.000

Income 0.175*** 0.149***
Residential ownership 0.019*** 0.025***
Racial heterogeneity 0.093*** 0.024**
Black young male -0.224*** 0.030

Hispanic young male -1.442*** -0.611***

* p<.1; ** p<.05; *** p<.01

Table 37: Harassment crime at private places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population 0.135*** 0.167*** 0.127***
Dynamic population 0.019*** 0.002 0.002

Education level 0.021 0.024 0.024

Employment status -0.031*** -0.029*** -0.031***
Income 0.043*** 0.038*** 0.040***
Residential ownership -0.000 0.003 -0.000

Racial heterogeneity 0.035*** 0.050*** 0.044***
Black young male 0.821*** 0.509*** 0.513***
Hispanic young male 0.034 0.214*** 0.180***
Constant -0.013***
Wx

Residential population 0.181*** 0.053***
Dynamic population -0.071*** -0.024**
Education level 0.103** 0.040

Employment status 0.001 -0.002

Income -0.025** -0.009

Residential ownership 0.003 -0.005

Racial heterogeneity -0.011 -0.009

Black young male 0.547*** 0.485***
Hispanic young male -0.222*** -0.225***

* p<.1; ** p<.05; *** p<.01
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Table 38: Harassment crime at semiprivate places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.007 0.004 -0.002

Dynamic population 0.212*** 0.168*** 0.164***
Education level 0.032** 0.022 0.038***
Employment status -0.010*** -0.011*** -0.011***
Income -0.004 -0.005* -0.006**
Residential ownership -0.002 -0.005*** -0.003*
Racial heterogeneity 0.023*** 0.034*** 0.025***
Black young male 0.083*** -0.155*** -0.105***
Hispanic young male -0.107*** 0.003 0.020

Constant 0.004***
Wx

Residential population 0.016* -0.008

Dynamic population 0.099*** 0.108***
Education level -0.077*** -0.019

Employment status -0.017*** 0.005

Income 0.022*** 0.012

Residential ownership -0.008** 0.002

Racial heterogeneity 0.018*** -0.014***
Black young male 0.176*** 0.299***
Hispanic young male -0.353*** -0.112***

* p<.1; ** p<.05; *** p<.01

Table 39: Harassment crime at semipublic places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.006*** -0.006*** -0.006***
Dynamic population 0.040*** 0.038*** 0.038***
Education level -0.011** -0.012** -0.009

Employment status -0.001 -0.001 -0.001

Income 0.002 0.002* 0.002

Residential ownership -0.001** -0.002*** -0.002**
Racial heterogeneity 0.005*** 0.008*** 0.006***
Black young male 0.007 -0.026** -0.014

Hispanic young male -0.028*** -0.038*** -0.044***
Constant 0.001*
Wx

Residential population 0.004 0.004

Dynamic population 0.006** 0.005**
Education level -0.040*** -0.029***
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Employment status -0.006*** -0.003

Income 0.010*** 0.008***
Residential ownership -0.000 0.000

Racial heterogeneity 0.002 -0.004*
Black young male 0.002 0.019

Hispanic young male -0.030** 0.024*

* p<.1; ** p<.05; *** p<.01

Table 40: Harassment crime at public places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.022*** -0.005 -0.015***
Dynamic population 0.169*** 0.151*** 0.147***
Education level -0.016 -0.036** -0.020

Employment status -0.008*** -0.007*** -0.007**
Income 0.008*** 0.006* 0.004

Residential ownership -0.004** -0.009*** -0.006***
Racial heterogeneity 0.020*** 0.026*** 0.019***
Black young male 0.139*** -0.109*** -0.062**
Hispanic young male -0.029 0.023 0.016

Constant 0.006***
Wx

Residential population 0.004 -0.038***
Dynamic population 0.016*** 0.034***
Education level -0.127*** -0.071**
Employment status -0.018*** -0.005

Income 0.049*** 0.038***
Residential ownership 0.004 0.009***
Racial heterogeneity 0.010* -0.009*
Black young male 0.143*** 0.228***
Hispanic young male -0.287*** -0.087**

* p<.1; ** p<.05; *** p<.01

Table 41: Assault crime at private places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population 0.131*** 0.183*** 0.128***
Dynamic population -0.006 -0.019*** -0.014*
Education level 0.000 -0.014 -0.013

Employment status -0.022*** -0.022*** -0.024***
Income 0.048*** 0.039*** 0.041***
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Residential ownership 0.003 0.007*** 0.004

Racial heterogeneity 0.019*** 0.035*** 0.028***
Black young male 1.155*** 0.760*** 0.759***
Hispanic young male 0.238*** 0.365*** 0.352***
Constant -0.018***
Wx

Residential population 0.184*** 0.021

Dynamic population -0.084*** -0.005

Education level 0.079* 0.025

Employment status 0.009 0.007

Income 0.015 0.028**
Residential ownership -0.002 -0.006

Racial heterogeneity -0.024*** -0.020**
Black young male 0.610*** 0.561***
Hispanic young male -0.149** -0.178***

* p<.1; ** p<.05; *** p<.01

Table 42: Assault crime at semiprivate places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.009* 0.012** 0.001

Dynamic population 0.193*** 0.177*** 0.172***
Education level 0.033** 0.001 0.021

Employment status -0.005* -0.002 -0.002

Income -0.004 -0.006** -0.008***
Residential ownership 0.007*** 0.001 0.004**
Racial heterogeneity 0.023*** 0.029*** 0.020***
Black young male 0.035 -0.150*** -0.095***
Hispanic young male -0.075*** 0.028 0.030

Constant -0.004***
Wx

Residential population -0.006 -0.054***
Dynamic population 0.040*** 0.053***
Education level -0.091*** -0.026

Employment status -0.038*** -0.020***
Income 0.060*** 0.048***
Residential ownership 0.001 0.009***
Racial heterogeneity 0.016*** -0.007

Black young male 0.030 0.131***
Hispanic young male -0.382*** -0.157***

* p<.1; ** p<.05; *** p<.01
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Table 43: Assault crime at semipublic places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.008*** -0.004* -0.006**
Dynamic population 0.058*** 0.052*** 0.050***
Education level -0.020*** -0.026*** -0.021***
Employment status 0.000 -0.000 -0.000

Income 0.003* 0.002 0.001

Residential ownership -0.004*** -0.006*** -0.005***
Racial heterogeneity 0.010*** 0.015*** 0.012***
Black young male -0.006 -0.103*** -0.088***
Hispanic young male -0.038*** -0.042*** -0.038**
Constant 0.002**
Wx

Residential population -0.006 -0.009*
Dynamic population 0.021*** 0.026***
Education level -0.081*** -0.061***
Employment status -0.002 0.004

Income 0.024*** 0.021***
Residential ownership 0.003* 0.005***
Racial heterogeneity -0.004* -0.013***
Black young male 0.046** 0.082***
Hispanic young male -0.067*** 0.005

* p<.1; ** p<.05; *** p<.01

Table 44: Assault crime at public places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.023*** 0.014** -0.011

Dynamic population 0.236*** 0.210*** 0.202***
Education level -0.022 -0.078*** -0.055***
Employment status -0.014*** -0.010** -0.009**
Income 0.011*** 0.001 -0.002

Residential ownership 0.003 -0.009*** -0.005**
Racial heterogeneity 0.034*** 0.038*** 0.028***
Black young male 0.206*** -0.361*** -0.297***
Hispanic young male 0.071*** 0.166*** 0.178***
Constant 0.003

Wx

Residential population 0.043*** -0.064***
Dynamic population 0.032*** 0.083***
Education level -0.133*** -0.051
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Employment status -0.047*** -0.024***
Income 0.109*** 0.093***
Residential ownership 0.011** 0.022***
Racial heterogeneity 0.008 -0.021***
Black young male 0.460*** 0.600***
Hispanic young male -0.478*** -0.202***

* p<.1; ** p<.05; *** p<.01

Table 45: Robbery crime at private places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population 0.016*** 0.023*** 0.015***
Dynamic population -0.002 -0.002 -0.001

Education level 0.019*** 0.016** 0.016**
Employment status -0.004*** -0.005*** -0.005***
Income 0.010*** 0.009*** 0.009***
Residential ownership 0.000 0.000 0.000

Racial heterogeneity 0.001 0.004** 0.003

Black young male 0.135*** 0.071*** 0.071***
Hispanic young male 0.052*** 0.067*** 0.062***
Constant -0.002***
Wx

Residential population 0.034*** 0.006

Dynamic population -0.019*** -0.005

Education level 0.005 -0.003

Employment status 0.006** 0.005*
Income 0.001 0.003

Residential ownership 0.002 0.000

Racial heterogeneity -0.005** -0.004*
Black young male 0.097*** 0.088***
Hispanic young male -0.017 -0.019

* p<.1; ** p<.05; *** p<.01

Table 46: Robbery crime at semiprivate places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.005** 0.001 -0.001

Dynamic population 0.049*** 0.039*** 0.037***
Education level -0.013* -0.019*** -0.014**
Employment status -0.002 -0.002 -0.002

Income 0.000 -0.001 -0.001
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Residential ownership 0.001 -0.000 0.000

Racial heterogeneity 0.005*** 0.005*** 0.003*
Black young male 0.004 -0.064*** -0.053***
Hispanic young male -0.011 0.021 0.032**
Constant 0.001

Wx

Residential population -0.010** -0.021***
Dynamic population 0.024*** 0.028***
Education level -0.024 -0.005

Employment status -0.007*** -0.001

Income 0.015*** 0.011***
Residential ownership -0.003* 0.001

Racial heterogeneity 0.007*** 0.000

Black young male 0.040** 0.075***
Hispanic young male -0.108*** -0.057***

* p<.1; ** p<.05; *** p<.01

Table 47: Robbery crime at semipublic places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.003** -0.001 -0.002

Dynamic population 0.010*** 0.011*** 0.011***
Education level -0.004 -0.008** -0.007*
Employment status -0.001 -0.001 -0.001

Income -0.000 -0.001 -0.001

Residential ownership -0.001** -0.002*** -0.001***
Racial heterogeneity 0.002*** 0.003*** 0.003***
Black young male 0.024*** -0.002 0.002

Hispanic young male -0.006 -0.023*** -0.022***
Constant 0.001***
Wx

Residential population -0.005** -0.007***
Dynamic population 0.001 0.003

Education level -0.016** -0.010

Employment status -0.002 -0.001

Income 0.010*** 0.009***
Residential ownership 0.000 0.001

Racial heterogeneity -0.003* -0.004***
Black young male 0.012 0.019*
Hispanic young male 0.009 0.022**

* p<.1; ** p<.05; *** p<.01
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Table 48: Robbery crime at public places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.008** 0.004 -0.006

Dynamic population 0.032*** 0.033*** 0.034***
Education level 0.003 -0.010 -0.007

Employment status -0.012*** -0.010*** -0.010***
Income 0.002 -0.002 -0.002

Residential ownership -0.002 -0.004*** -0.003***
Racial heterogeneity 0.010*** 0.005* 0.004

Black young male 0.214*** 0.065*** 0.076***
Hispanic young male 0.078*** 0.062*** 0.058**
Constant 0.005***
Wx

Residential population 0.035*** -0.012*
Dynamic population -0.016*** 0.001

Education level -0.006 0.008

Employment status -0.012*** -0.010**
Income 0.023*** 0.020***
Residential ownership 0.003 0.003

Racial heterogeneity 0.007* 0.004

Black young male 0.160*** 0.176***
Hispanic young male -0.045 -0.003

* p<.1; ** p<.05; *** p<.01

Table 49: Drug crime at private places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population 0.063*** 0.090*** 0.068***
Dynamic population -0.004 -0.013*** -0.009**
Education level -0.001 0.028** 0.030**
Employment status 0.004* 0.000 -0.001

Income 0.041*** 0.038*** 0.039***
Residential ownership 0.002* 0.006*** 0.004***
Racial heterogeneity -0.006*** 0.003 -0.000

Black young male 0.634*** 0.440*** 0.441***
Hispanic young male 0.056*** 0.115*** 0.105***
Constant -0.013***
Wx

Residential population 0.037*** -0.012

Dynamic population -0.056*** -0.021***
Education level -0.268*** -0.293***
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Employment status 0.032*** 0.030***
Income 0.040*** 0.045***
Residential ownership -0.002 -0.005

Racial heterogeneity -0.017*** -0.011**
Black young male 0.056 0.023

Hispanic young male -0.102*** -0.132***

* p<.1; ** p<.05; *** p<.01

Table 50: Drug crime at semiprivate places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population 0.038*** 0.040*** 0.039***
Dynamic population 0.066*** 0.077*** 0.076***
Education level 0.001 -0.007 0.002

Employment status 0.007*** 0.006*** 0.006***
Income -0.006*** -0.005** -0.006***
Residential ownership -0.005*** -0.005*** -0.005***
Racial heterogeneity 0.002 0.014*** 0.009***
Black young male 0.036** 0.001 0.029

Hispanic young male 0.025* 0.055*** 0.025

Constant -0.005***
Wx

Residential population -0.017*** -0.012*
Dynamic population -0.029*** -0.027***
Education level -0.040* -0.036*
Employment status -0.002 0.000

Income 0.012** 0.012**
Residential ownership 0.003 -0.000

Racial heterogeneity -0.007** -0.011***
Black young male -0.022 -0.022

Hispanic young male -0.101*** -0.014

* p<.1; ** p<.05; *** p<.01

Table 51: Drug crime at semipublic places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.007*** -0.002 -0.003*
Dynamic population 0.028*** 0.020*** 0.019***
Education level -0.009* -0.012** -0.009

Employment status -0.002** -0.002** -0.002**
Income -0.000 -0.001 -0.002
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Residential ownership -0.000 -0.001** -0.001

Racial heterogeneity 0.007*** 0.006*** 0.005***
Black young male 0.027*** -0.018 -0.013

Hispanic young male -0.034*** -0.051*** -0.038***
Constant 0.000

Wx

Residential population -0.011*** -0.019***
Dynamic population 0.020*** 0.023***
Education level -0.078*** -0.063***
Employment status -0.002 0.003

Income 0.023*** 0.020***
Residential ownership 0.002 0.005***
Racial heterogeneity 0.001 -0.003

Black young male -0.013 0.013

Hispanic young male -0.029** -0.002

* p<.1; ** p<.05; *** p<.01

Table 52: Drug crime at public places: OLS and SDM

OLS SDM (A) SDM (B) SDM (C)
Residential population -0.031*** 0.002 -0.024***
Dynamic population 0.372*** 0.390*** 0.395***
Education level -0.026 -0.062** -0.025

Employment status -0.031*** -0.031*** -0.031***
Income 0.016*** 0.008 0.005

Residential ownership -0.002 -0.016*** -0.007**
Racial heterogeneity 0.038*** 0.044*** 0.031***
Black young male 0.763*** 0.247*** 0.383***
Hispanic young male 0.079** -0.026 -0.176***
Constant -0.001

Wx

Residential population 0.081*** -0.020

Dynamic population -0.174*** -0.134***
Education level -0.311*** -0.222***
Employment status 0.009 0.020**
Income 0.075*** 0.061***
Residential ownership 0.027*** 0.017***
Racial heterogeneity 0.011 -0.015*
Black young male 0.113* 0.178***
Hispanic young male -0.272*** 0.222***

* p<.1; ** p<.05; *** p<.01
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a.3 chapter 6: mobile population emotion patterns

a.3.1 Footnote tables

Table 53: Hausman’s specification test by crime

Private Semiprivate Semipublic Public

x2 p x2 p x2 p x2 p
Property 800.38 0.000 -

31617.76

n/a 165.64 0.000 980.43 0.000

Harassment 1180.76 0.000 449.71 0.000 49.04 0.000 248.22 0.000

Assault 32.59 0.000 415.42 0.000 69.15 0.000 343.11 0.000

Robbery 41.11 0.000 103.18 0.000 2068.28 0.000 110.70 0.000

Drug 0.04 1.000 53.26 0.000 15.01 0.036 127.76 0.000

a.3.2 Results: FENB model analysis

Table 54: Property crime at semiprivate places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger -0.120***

(0.887)
-0.488***
(0.614)

-0.028*
(0.972)

Fear 0.005

(1.005)
-11.381

(0.000)
-0.027

(0.974)

Joy 0.349***
(1.417)

0.089***
(1.093)

0.026***
(1.026)

Sadness 0.026

(1.026)
-0.608***
(0.544)

-0.018*
(0.982)

Swearing 0.205***
(1.228)

0.078***
(1.081)

0.046***
(1.047)

Equitability 4.286*** 1.661*** 1.540***

* p<.1; ** p<.05; *** p<.01

Table 55: Property crime at semipublic places: OLS and FENB
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OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger -0.234***

(0.791)
0.031

(1.032)
0.004

(1.004)

Fear 0.027

(1.028)
-0.034

(0.967)
-0.055

(0.946)

Joy 0.183***
(1.201)

0.007

(1.007)
0.005

(1.005)

Sadness 0.028

(1.029)
0.011

(1.011)
-0.005

(0.995)

Swearing 0.051

(1.052)
0.032***
(1.033)

0.027

(1.027)

Equitability 3.652*** 0.562 0.482

* p<.1; ** p<.05; *** p<.01

Table 56: Property crime at public places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger -0.151***

(0.860)
-0.030

(0.970)
-0.077***
(0.926)

Fear -0.105*
(0.901)

0.055

(1.056)
0.014

(1.014)

Joy 0.138***
(1.148)

0.020***
(1.020)

0.017***
(1.017)

Sadness -0.023

(0.977)
0.027*
(1.028)

-0.001

(0.999)

Swearing 0.038***
(1.039)

0.039***
(1.040)

0.030***
(1.031)

Equitability 3.842*** 0.708*** 0.706***

* p<.1; ** p<.05; *** p<.01

Table 57: Harassment crime at private places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger 0.074

(1.077)
0.015

(1.015)
0.051

(1.053)

Fear -0.019

(0.981)
0.010

(1.010)
0.005

(1.005)

Joy 0.041***
(1.042)

-0.006

(0.994)
0.001

(1.001)

Sadness 0.055*
(1.057)

0.011

(1.011)
0.019

(1.020)
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Swearing -0.012

(0.988)
-0.008

(0.992)
-0.035

(0.965)

Equitability 1.999*** 0.193 0.096

* p<.1; ** p<.05; *** p<.01

Table 58: Harassment crime at semiprivate places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger -0.140**

(0.869)
0.130***
(1.138)

0.047

(1.048)

Fear -0.191**
(0.826)

0.044

(1.045)
-0.028

(0.972)

Joy 0.143***
(1.153)

0.011

(1.011)
0.006

(1.006)

Sadness 0.033

(1.033)
0.059***
(1.061)

0.018

(1.018)

Swearing 0.078***
(1.081)

0.059***
(1.061)

0.033**
(1.034)

Equitability 4.417*** 1.942*** 1.603***

* p<.1; ** p<.05; *** p<.01

Table 59: Harassment crime at semipublic places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger -0.227

(0.797)
-0.032

(0.969)
-0.078

(0.925)

Fear 0.208

(1.231)
0.299

(1.348)
0.248

(1.281)

Joy 0.135***
(1.145)

-0.002

(0.998)
0.001

(1.001)

Sadness -0.034

(0.966)
-0.002

(0.998)
-0.035

(0.965)

Swearing 0.067

(1.069)
0.010

(1.010)
0.013

(1.013)

Equitability 4.326*** 1.096 1.179

* p<.1; ** p<.05; *** p<.01

Table 60: Harassment crime at public places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
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Anger -0.036

(0.965)
0.095***
(1.100)

0.070*
(1.072)

Fear -0.141

(0.868)
0.006

(1.006)
-0.011

(0.989)

Joy 0.109***
(1.115)

0.005

(1.005)
0.003

(1.003)

Sadness -0.045

(0.956)
-0.004

(0.996)
-0.017

(0.983)

Swearing 0.053**
(1.055)

0.046***
(1.047)

0.023

(1.023)

Equitability 3.047*** 0.407 0.190

* p<.1; ** p<.05; *** p<.01

Table 61: Assault crime at private places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger 0.231***

(1.259)
0.071***
(1.074)

0.088**
(1.092)

Fear -0.097

(0.908)
-0.087

(0.916)
-0.087

(0.916)

Joy -0.003

(0.997)
-0.018

(0.982)
-0.015

(0.985)

Sadness 0.073*
(1.076)

-0.033

(0.968)
-0.027

(0.973)

Swearing 0.000

(1.000)
0.003

(1.003)
-0.015

(0.985)

Equitability 0.711* -0.069 0.009

* p<.1; ** p<.05; *** p<.01

Table 62: Assault crime at semiprivate places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger 0.005

(1.005)
0.180***
(1.197)

0.110***
(1.116)

Fear -0.481***
(0.618)

-0.250***
(0.779)

-0.328***
(0.721)

Joy 0.184***
(1.201)

0.011*
(1.011)

0.007

(1.007)

Sadness -0.051

(0.950)
0.050**
(1.052)

0.01

(1.010)
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Swearing 0.135***
(1.144)

0.081***
(1.084)

0.040***
(1.041)

Equitability 3.603*** 2.013*** 1.646***

* p<.1; ** p<.05; *** p<.01

Table 63: Assault crime at semipublic places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger -0.291*

(0.748)
-0.044

(0.957)
-0.057

(0.945)

Fear 0.114

(1.121)
-0.278

(0.757)
-0.297

(0.743)

Joy 0.174***
(1.190)

0.047*
(1.048)

0.048*
(1.049)

Sadness 0.068

(1.070)
-0.006

(0.994)
-0.014

(0.986)

Swearing 0.072

(1.075)
0.017

(1.017)
-0.002

(0.998)

Equitability 3.148*** 0.086 0.395

* p<.1; ** p<.05; *** p<.01

Table 64: Assault crime at public places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger -0.029

(0.971)
-0.017

(0.983)
-0.027

(0.973)

Fear -0.067

(0.935)
0.04

(1.041)
0.027

(1.028)

Joy 0.111***
(1.117)

0.013

(1.013)
0.012

(1.012)

Sadness 0.057*
(1.058)

0.059***
(1.060)

0.053***
(1.055)

Swearing 0.031

(1.031)
0.032***
(1.032)

0.005

(1.005)

Equitability 2.378*** 0.615** 0.284

* p<.1; ** p<.05; *** p<.01

Table 65: Robbery crime at private places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
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Anger 0.112

(1.118)
0.016

(1.016)
0.004

(1.004)

Fear -0.974**
(0.377)

-0.682*
(0.506)

-0.711*
(0.491)

Joy -0.028

(0.972)
-0.018

(0.982)
-0.022

(0.979)

Sadness 0.152**
(1.164)

0.071

(1.074)
0.063

(1.065)

Swearing 0.012

(1.012)
0.011

(1.011)
0.009

(1.009)

Equitability 0.986 0.278 0.476

* p<.1; ** p<.05; *** p<.01

Table 66: Robbery crime at semiprivate places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger -0.026

(0.974)
0.235***
(1.265)

0.061

(1.063)

Fear -0.034

(0.967)
0.222

(1.249)
0.104

(1.110)

Joy 0.085***
(1.089)

0.018

(1.018)
-0.007

(0.993)

Sadness -0.151**
(0.860)

0.016

(1.016)
-0.088

(0.916)

Swearing 0.080**
(1.083)

0.154***
(1.167)

0.135***
(1.145)

Equitability 4.808*** 1.870*** 1.522**

* p<.1; ** p<.05; *** p<.01

Table 67: Robbery crime at semipublic places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger -0.109

(0.897)
0.056

(1.058)
-0.183

(0.833)

Fear 0.554*
(1.739)

0.625**
(1.868)

0.352

(1.421)

Joy -0.017

(0.983)
-0.061

(0.941)
-0.097

(0.908)

Sadness 0.025

(1.025)
0.143

(1.154)
0.014

(1.015)
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Swearing 0.102

(1.108)
0.132*
(1.141)

0.182*
(1.200)

Equitability 2.979*** 2.664** 2.246

* p<.1; ** p<.05; *** p<.01

Table 68: Robbery crime at public places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger 0.076

(1.079)
0.027

(1.027)
0.105

(1.111)

Fear -0.048

(0.953)
-0.01

(0.990)
0.03

(1.030)

Joy 0.024**
(1.024)

-0.007

(0.993)
0.007

(1.007)

Sadness 0.056

(1.058)
0.016

(1.016)
0.047

(1.048)

Swearing -0.019

(0.981)
-0.013

(0.988)
-0.070*
(0.933)

Equitability 1.851*** -0.098 -0.358

* p<.1; ** p<.05; *** p<.01

Table 69: Drug crime at private places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger 0.371***

(1.449)
0.063

(1.066)
0.033

(1.034)

Fear 0.209

(1.233)
0.207

(1.230)
0.238

(1.269)

Joy -0.109***
(0.897)

-0.032

(0.968)
-0.039

(0.962)

Sadness 0.129

(1.138)
-0.042

(0.959)
-0.055

(0.946)

Swearing 0.052

(1.054)
-0.006

(0.994)
0.033

(1.034)

Equitability -2.483*** -0.608 -0.543

* p<.1; ** p<.05; *** p<.01

Table 70: Drug crime at semiprivate places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
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Anger 0.188

(1.207)
0.164***
(1.178)

0.072

(1.074)

Fear -0.042

(0.959)
0.109

(1.115)
0.133

(1.142)

Joy 0.117***
(1.124)

-0.003

(0.997)
-0.01

(0.990)

Sadness 0.045

(1.046)
0.107

(1.113)
0.297***
(1.346)

Swearing 0.128

(1.136)
0.112***
(1.119)

0.081**
(1.085)

Equitability 2.652*** 1.327 -0.584

* p<.1; ** p<.05; *** p<.01

Table 71: Drug crime at semipublic places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger -0.129

(0.879)
0.015

(1.015)
-0.05

(0.951)

Fear -0.45

(0.638)
-0.391

(0.676)
-0.495*
(0.610)

Joy 0.244***
(1.276)

0.008

(1.008)
0.015

(1.015)

Sadness -0.051

(0.950)
0.082

(1.086)
0.036

(1.036)

Swearing -0.052

(0.950)
0.008

(1.008)
0.003

(1.003)

Equitability 5.500*** 1.253 1.655*

* p<.1; ** p<.05; *** p<.01

Table 72: Drug crime at public places: OLS and FENB

OLS FENB (A) FENB (B) FENB (C) FENB (D)
Anger 0.057

(1.058)
0.032

(1.033)
0.009

(1.009)

Fear -0.022

(0.978)
-0.041

(0.960)
-0.062

(0.940)

Joy 0.165***
(1.179)

0.026***
(1.026)

0.023***
(1.024)

Sadness 0.023

(1.024)
0.015

(1.015)
0.005

(1.005)
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Swearing 0.033

(1.033)
0.050***
(1.052)

0.019

1.019)

Equitability 1.693*** 0.573** 0.356

* p<.1; ** p<.05; *** p<.01

a.4 chapter 7: mobile population attribute patterns

a.4.1 Results: chi-squared analysis

Table 73: Property at semiprivate places: frequency of online activity by each
group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 73,817

(20.88)***
45,923

(27.65)
6,000

(18.8)***
67,817

(21.09)

Informal
broadcasting

143,029

(40.46)***
77,579

(46.71)
12,010

(37.63)***
131,019

(40.75)

Location Status 44,902

(12.70)***
12,667

(7.63)
4,655

(14.59)***
40,247

(12.52)

Informal with
location status

80,794

(22.86)***
25,443

(15.32)
8,529

(26.73)***
72,265

(22.47)

Informative
broadcasting

10,924

(3.09)***
4,483

(2.70)
718

(2.25)***
10,206

(3.17)

* p<.1; ** p<.05; *** p<.01

Table 74: Property at semipublic places: frequency of online activity by each
group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 19,095

(21.09)***
100,645

(23.46)
414

(18.46)***
18,681

(21.15)

Informal
broadcasting

37,409

(41.31)***
183,199

(42.70)
963

(42.93)
36,446

(41.27)
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Location Status 10,871

(12.00)***
46,698

(10.89)
336

(14.98)***
10,535

(11.93)

Informal with
location status

18,603

(20.54)
87,634

(20.43)
470

(20.95)
18,133

(20.53)

Informative
broadcasting

4,582

(5.06)***
10,825

(2.52)
60

(2.67)***
4,522

(5.12)

* p<.1; ** p<.05; *** p<.01

Table 75: Property at public places: frequency of online activity by each
group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 73,373

(21.68)***
46,367

(25.60)
1,579

(19.54)***
71,794

(21.73)

Informal
broadcasting

143,415

(42.38)*
77,193

(42.62)
3,197

(39.57)***
140,218

(42.44)

Location Status 39,399

(11.64)***
18,170

(10.03)
1,047

(12.96)***
38,352

(11.61)

Informal with
location status

70,512

(20.83)***
35,725

(19.72)
2,042

(25.28)***
68,470

(20.73)

Informative
broadcasting

11,736

(3.47)***
3,671

(2.03)
214

(2.65)***
11,522

(3.49)

* p<.1; ** p<.05; *** p<.01

Table 76: Harassment at private places: frequency of online activity by each
group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 35,752

(25.31)***
83,988

(22.20)
575

(25.43)
35,177

(25.31)

Informal
broadcasting

67,409

(47.72)***
153,199

(40.50)
1,122

(49.62)*
66,287

(47.69)

Location Status 12,247

(8.67)***
45,322

(11.98)
173

(7.65)*
12,074

(8.69)

Informal with
location status

23,273

(16.48)***
82,964

(21.93)
337

(14.90)**
22,936

(16.50)

Informative
broadcasting

2,577

(1.82)***
12,830

(3.39)
54

(2.39)**
2,523

(1.82)

* p<.1; ** p<.05; *** p<.01
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Table 77: Harassment at semiprivate places: frequency of online activity by
each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 36,492

(20.43)***
83,248

(24.42)
655

(21.90)**
35,837

(20.41)

Informal
broadcasting

70,568

(39.51)***
150,040

(44.00)
1,186

(39.65)
69,382

(39.51)

Location Status 22,589

(12.65)***
34,980

(10.26)
373

(12.47)
22,216

(12.65)

Informal with
location status

42,162

(23.61)***
64,075

(18.79)
681

(22.77)
41,481

(23.62)

Informative
broadcasting

6,783

(3.80)***
8,624

(2.53)
96

(3.21)*
6,687

(3.81)

* p<.1; ** p<.05; *** p<.01

Table 78: Harassment at semipublic places: frequency of online activity by
each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 6,588

(17.21)***
113,152

(23.51)
83

(17.85)
6,505

(17.20)

Informal
broadcasting

14,670

(38.33)***
205,938

(42.79)
167

(35.91)
14,503

(38.36)

Location Status 5,441

(14.21)***
52,128

(10.83)
88

(18.92)***
5,353

(14.16)

Informal with
location status

8,536

(22.30)***
97,701

(20.30)
107

(23.01)
8,429

(22.29)

Informative
broadcasting

3,042

(7.95)***
12,365

(2.57)
20

(4.30)***
3,022

(7.99)

* p<.1; ** p<.05; *** p<.01

Table 79: Harassment at public places: frequency of online activity by each
group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 33,922

(21.20)***
85,818

(23.87)
454

(22.00)
33,468

(21.19)
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Informal
broadcasting

67,548

(42.22)**
153,060

(42.57)
824

(39.92)**
66,724

(42.25)

Location Status 18,977

(11.86)***
38,592

(10.73)
265

(12.84)
18,712

(11.85)

Informal with
location status

35,988

(22.49)***
70,249

(19.54)
481

(23.30)
35,507

(22.48)

Informative
broadcasting

3,561

(2.23)***
11,846

(3.29)
40

(1.94)
3,521

(2.23)

* p<.1; ** p<.05; *** p<.01

Table 80: Assault at private places: frequency of online activity by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 26,700

(24.56)***
93,040

(22.65)
510

(27.73)***
26,190

(24.50)

Informal
broadcasting

51,632

(47.49)***
168,976

(41.13)
909

(49.43)*
50,723

(47.46)

Location Status 8,923

(8.21)***
48,646

(11.84)
134

(7.29)
8,789

(8.22)

Informal with
location status

16,658

(15.32)***
89,579

(21.80)
234

(12.72)***
16,424

(15.37)

Informative
broadcasting

4,803

(4.42)***
10,604

(2.58)
52

(2.83)***
4,751

(4.45)

* p<.1; ** p<.05; *** p<.01

Table 81: Assault at semiprivate places: frequency of online activity by each
group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 29,863

(19.65)***
89,877

(24.45)
619

(16.46)***
29,244

(19.73)

Informal
broadcasting

58,387

(38.41)***
162,221

(44.13)
1,488

(39.56)
56,899

(38.38)

Location Status 20,625

(13.57)***
36,944

(10.05)
477

(12.68)
20,148

(13.59)

Informal with
location status

39,330

(25.88)***
66,907

(18.20)
1,134

(30.15)***
38,196

(25.77)

Informative
broadcasting

3,791

(2.49)***
11,616

(3.16)
43

(1.14)***
3,748

(2.53)

* p<.1; ** p<.05; *** p<.01
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Table 82: Assault at semipublic places: frequency of online activity by each
group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 5,727

(19.49)***
114,013

(23.26)
76

(15.57)**
5,651

(19.55)

Informal
broadcasting

11,974

(40.74)***
208,634

(42.56)
199

(40.78)
11,775

(40.74)

Location Status 4,606

(15.67)***
52,963

(10.8)
88

(18.03)
4,518

(15.63)

Informal with
location status

6,670

(22.70)***
99,567

(20.31)
122

(25.00)
6,548

(22.66)

Informative
broadcasting

412

(1.40)***
14,995

(3.06)
3

(0.61)
409

(1.42)

* p<.1; ** p<.05; *** p<.01

Table 83: Assault at public places: frequency of online activity by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 48,274

(22.13)***
71,466

(23.71)
780

(20.79)**
47,494

(22.16)

Informal
broadcasting

90,005

(41.27)***
130,603

(43.32)
1,566

(41.75)
88,439

(41.26)

Location Status 25,916

(11.88)***
31,653

(10.50)
431

(11.49)
25,485

(11.89)

Informal with
location status

47,543

(21.80)***
58,694

(19.47)
907

(24.18)***
46,636

(21.76)

Informative
broadcasting

6,352

(2.91)*
9,055

(3.00)
67

(1.79)***
6,285

(2.93)

* p<.1; ** p<.05; *** p<.01

Table 84: Robbery at private places: frequency of online activity by each
group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 7,750

(30.04)***
111,990

(22.68)
42

(20.59)***
7,708

(30.11)

Informal
broadcasting

12,144

(47.07)***
208,464

(42.22)
96

(47.06)
12,048

(47.07)



A.4 chapter 7 : mobile population attribute patterns 178

Location Status 1,789

(6.93)***
55,780

(11.30)
14

(6.86)
1,775

(6.93)

Informal with
location status

3,226

(12.50)***
103,011

(20.86)
23

(11.27)
3,203

(12.51)

Informative
broadcasting

892

(3.46)***
14,515

(2.94)
29

(14.22)***
863

(3.37)

* p<.1; ** p<.05; *** p<.01

Table 85: Robbery at semiprivate places: frequency of online activity by each
group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 12,389

(21.83)***
107,351

(23.20)
121

(19.64)
12,268

(21.85)

Informal
broadcasting

22,777

(40.13)***
197,831

(42.75)
282

(45.78)***
22,495

(40.07)

Location Status 7,882

(13.89)***
49,687

(10.74)
73

(11.85)
7,809

(13.91)

Informal with
location status

13,000

(22.91)***
93,237

(20.15)
116

(18.83)**
12,884

(22.95)

Informative
broadcasting

703

(1.24)***
14,704

(3.18)
24

(3.90)***
679

(1.21)

* p<.1; ** p<.05; *** p<.01

Table 86: Robbery at semipublic places: frequency of online activity by each
group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 2,831

(21.57)***
116,909

(23.08)
27

(19.85)
2,804

(21.59)

Informal
broadcasting

5,190

(39.55)***
215,418

(42.54)
66

(48.53)**
5,124

(39.46)

Location Status 1,749

(13.33)***
55,820

(11.02)
13

(9.56)
1,736

(13.37)

Informal with
location status

2,916

(22.22)***
103,321

(20.40)
24

(17.65)
2,892

(22.27)

Informative
broadcasting

436

(3.32)**
14,971

(2.96)
6

(4.41)
430

(3.31)

* p<.1; ** p<.05; *** p<.01
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Table 87: Robbery at public places: frequency of online activity by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 25,896

(26.12)***
93,844

(22.32)
230

(28.19)
25,666

(26.10)

Informal
broadcasting

43,161

(43.53)***
177,447

(42.21)
364

(44.61)
42,797

(43.52)

Location Status 9,861

(9.94)***
47,708

(11.35)
71

(8.70)
9,790

(9.95)

Informal with
location status

18,333

(18.49)***
87,904

(20.91)
142

(17.40)
18,191

(18.50)

Informative
broadcasting

1,908

(1.92)*
13,499

(3.21)
9

(1.10)*
1,899

(1.93)

* p<.1; ** p<.05; *** p<.01

Table 88: Drug at private places: frequency of online activity by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 6,234

(30.26)***
113,506

(22.75)
94

(23.10)***
6,140

(30.40)

Informal
broadcasting

10,879

(52.81)***
209,729

(42.03)
208

(51.11)
10,671

(52.84)

Location Status 920

(4.47)***
56,649

(11.35)
28

(6.88)**
892

(4.42)

Informal with
location status

1,979

(9.61)***
104,258

(20.90)
46

(11.30)
1,933

(9.57)

Informative
broadcasting

590

(2.86)
14,817

(2.97)
31

(7.62)***
559

(2.77)

* p<.1; ** p<.05; *** p<.01

Table 89: Drug at semiprivate places: frequency of online activity by each
group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 6,175

(19.64)***
113,565

(23.27)
200

(17.68)*
113,565

(19.71)

Informal
broadcasting

12,148

(38.63)***
208,460

(42.71)
475

(42.00)**
208,460

(38.51)
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Location Status 4,061

(12.91)***
53,508

(10.96)
103

(9.11)***
53,508

(13.06)

Informal with
location status

8,539

(27.16)***
97,698

(20.02)
348

(30.77)***
97,698

(27.02)

Informative
broadcasting

522

(1.66)***
14,885

(3.05)
5

(0.44)***
14,885

(1.71)

* p<.1; ** p<.05; *** p<.01

Table 90: Drug at semipublic places: frequency of online activity by each
group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 3,305

(19.39)***
116,435

(23.17)
58

(18.24)
3,247

(19.41)

Informal
broadcasting

6,964

(40.86)***
213,644

(42.51)
137

(43.08)
6,827

(40.81)

Location Status 2,934

(17.21)***
54,635

(10.87)
44

(13.84)
2,890

(17.28)

Informal with
location status

3,598

(21.11)**
102,639

(20.43)
77

(24.21)
3,521

(21.05)

Informative
broadcasting

244

(1.43)***
15,163

(3.02)
2

(0.63)
242

(1.45)

* p<.1; ** p<.05; *** p<.01

Table 91: Drug at public places: frequency of online activity by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Conversation 29,537

(20.90)***
90,203

(23.85)
687

(17.99)***
28,850

(20.98)

Informal
broadcasting

59,946

(42.42)
160,662

(42.47)
1,587

(41.57)
58,359

(42.45)

Location Status 17,342

(12.27)***
40,227

(10.63)
471

(12.34)
16,871

(12.27)

Informal with
location status

31,633

(22.39)***
74,604

(19.72)
1,032

(27.03)***
30,601

(22.26)

Informative
broadcasting

2,848

(2.02)***
12,559

(3.32)
41

(1.07)***
2,807

(2.04)

* p<.1; ** p<.05; *** p<.01
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Table 92: Property at semiprivate places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 20,961

(5.93)***
10,158

(6.12)
1,836

(5.75)
19,125

(5.95)

Body and
appearance

37,319

(10.56)
17,713

(10.66)
3,203

(10.04)***
34,116

(10.61)

Business 36,285

(10.27)***
16,274

(9.80)
3,264

(10.23)
33,021

(10.27)

Clothes and
fashion

52,760

(14.93)**
25,164

(15.15)
4,721

(14.79)
48,039

(14.94)

Crime and law 38,732

(10.96)***
17,418

(10.49)
3,452

(10.82)
35,280

(10.97)

Culture 77,916

(22.04)***
34,274

(20.64)
6,786

(21.26)***
71,130

(22.12)

Education 42,222

(11.95)***
18,274

(11.00)
3,803

(11.92)
38,419

(11.95)

Family and life
stages

55,435

(15.68)***
27,443

(16.52)
4,900

(15.35)*
50,535

(15.72)

Food and drink 55,190

(15.61)***
21,348

(12.85)
4,843

(15.18)**
50,347

(15.66)

Health 69,972

(19.80)***
35,972

(21.66)
5,796

(18.16)***
64,176

(19.96)

Houses and
buildings

68,400

(19.35)***
27,224

(16.39)
6,519

(20.43)***
61,881

(19.24)

Language 86,054

(24.35)***
28,715

(17.29)
8,693

(27.24)***
77,361

(24.06)

Leisure 96,916

(27.42)***
48,070

(28.94)
8,621

(27.01)*
88,295

(27.46)

Nature 53,244

(15.06)***
26,537

(15.98)
4,467

(14.00)***
48,777

(15.17)

Personality
and emotions

141,205

(39.95)***
68,224

(41.08)
12,658

(39.67)
128,547

(39.98)

Religion and
politics

15,997

(4.53)***
8,440

(5.08)
1,375

(4.31)*
14,622

(4.55)

Retail 28,418

(8.04)***
10,987

(6.61)
2,811

(8.81)***
25,607

(7.96)

Science 29,993

(8.49)***
12,919

(7.78)
2,906

(9.11)***
27,087

(8.42)

Social issues 15,624

(4.42)
7,381

(4.44)
1,227

(3.84)***
14,397

(4.48)
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Technology 38,960

(11.02)***
19,449

(11.71)
3,200

(10.03)***
35,760

(11.12)

The media 30,260

(8.56)***
12,225

(7.36)
2,328

(7.30)***
27,932

(8.69)

Travel and
tourism

70,380

(19.91)
33,172

(19.97)
5,888

(18.45)***
64,492

(20.06)

War and
conflict

11,789

(3.34)***
4,570

(2.75)
992

(3.11)**
10,797

(3.36)

Work 34,894

(9.87)***
14,545

(8.76)
3,078

(9.65)
31,816

(9.89)

* p<.1; ** p<.05; *** p<.01

Table 93: Property at semipublic places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 5,381

(5.94)
25,738

(6.00)
116

(5.17)
5,265

(5.96)

Body and
appearance

9,281

(10.25)***
45,751

(10.66)
226

(10.08)
9,055

(10.25)

Business 10,534

(11.63)***
42,025

(9.80)
222

(9.90)***
10,312

(11.68)

Clothes and
fashion

13,286

(14.67)***
64,638

(15.07)
330

(14.71)
12,956

(14.67)

Crime and law 10,303

(11.38)***
45,847

(10.69)
233

(10.39)
10,070

(11.40)

Culture 20,262

(22.37)***
91,928

(21.43)
464

(20.69)*
19,798

(22.42)

Education 9,887

(10.92)***
50,609

(11.80)
225

(10.03)
9,662

(10.94)

Family and life
stages

14,291

(15.78)
68,587

(15.99)
326

(14.53)
13,965

(15.81)

Food and drink 13,736

(15.17)***
62,802

(14.64)
307

(13.69)**
13,429

(15.21)

Health 17,147

(18.93)***
88,797

(20.70)
403

(17.97)
16,744

(18.96)

Houses and
buildings

19,388

(21.41)***
76,236

(17.77)
606

(27.02)***
18,782

(21.27)

Language 21,586

(23.84)***
93,183

(21.72)
606

(27.02)***
20,980

(23.76)

Leisure 26,477

(29.24)***
118,509

(27.62)
690

(30.76)
25,787

(29.20)
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Nature 14,736

(16.27)***
65,045

(15.16)
485

(21.62)***
14,251

(16.14)

Personality
and emotions

36,570

(40.38)
172,859

(40.29)
916

(40.84)
35,654

(40.37)

Religion and
politics

3,979

(4.39)***
20,458

(4.77)
83

(3.70)
3,896

(4.41)

Retail 8,556

(9.45)***
30,849

(7.19)
201

(8.96)
8,355

(9.46)

Science 8,711

(9.62)***
34,201

(7.97)
222

(9.90)
8,489

(9.61)

Social issues 3,434

(3.79)***
19,571

(4.56)
73

(3.25)
3,361

(3.81)

Technology 10,799

(11.92)***
47,610

(11.10)
299

(13.33)**
10,500

(11.89)

The media 8,830

(9.75)***
33,655

(7.84)
340

(15.16)***
8,490

(9.61)

Travel and
tourism

19,442

(21.47)***
84,110

(19.61)
621

(27.69)***
18,821

(21.31)

War and
conflict

5,031

(5.56)***
11,328

(2.64)
237

(10.57)***
4,794

(5.43)

Work 10,560

(11.66)***
38,879

(9.06)
220

(9.81)***
10,340

(11.71)

* p<.1; ** p<.05; *** p<.01

Table 94: Property at public places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 20,375

(6.02)
10,744

(5.93)
498

(6.16)
19,877

(6.02)

Body and
appearance

36,199

(10.7)***
18,833

(10.40)
856

(10.60)
35,343

(10.70)

Business 35,479

(10.48)***
17,080

(9.43)
830

(10.27)
34,649

(10.49)

Clothes and
fashion

50,908

(15.04)
27,016

(14.92)
1,219

(15.09)
49,689

(15.04)

Crime and law 37,469

(11.07)***
18,681

(10.31)
877

(10.86)
36,592

(11.08)

Culture 74,745

(22.09)***
37,445

(20.67)
1,788

(22.13)
72,957

(22.08)

Education 40,248

(11.89)***
20,248

(11.18)
969

(11.99)
39,279

(11.89)
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Family and life
stages

53,958

(15.94)
28,920

(15.97)
1,337

(16.55)
52,621

(15.93)

Food and drink 50,790

(15.01)***
25,748

(14.22)
1,197

(14.82)
49,593

(15.01)

Health 68,095

(20.12)***
37,849

(20.90)
1,433

(17.74)***
66,662

(20.18)

Houses and
buildings

64,416

(19.03)***
31,208

(17.23)
1,658

(20.52)***
62,758

(19.00)

Language 77,543

(22.91)***
37,226

(20.55)
2,056

(25.45)***
75,487

(22.85)

Leisure 94,315

(27.87)
50,671

(27.98)
2,263

(28.01)
92,052

(27.86)

Nature 51,419

(15.19)***
28,362

(15.66)
1,223

(15.14)
50,196

(15.19)

Personality
and emotions

136,284

(40.27)
73,145

(40.38)
3,236

(40.05)
133,048

(40.27)

Religion and
politics

15,541

(4.59)***
8,896

(4.91)
363

(4.49)
15,178

(4.59)

Retail 27,012

(7.98)***
12,393

(6.84)
644

(7.97)
26,368

(7.98)

Science 29,630

(8.76)***
13,282

(7.33)
776

(9.61)***
28,854

(8.73)

Social issues 15,156

(4.48)**
7,849

(4.33)
325

(4.02)**
14,831

(4.49)

Technology 38,032

(11.24)
20,377

(11.25)
863

(10.68)
37,169

(11.25)

The media 28,967

(8.56)***
13,518

(7.46)
669

(8.28)
28,298

(8.57)

Travel and
tourism

67,347

(19.90)
36,205

(19.99)
1,616

(20.00)
65,731

(19.90)

War and
conflict

11,656

(3.44)***
4,703

(2.60)
266

(3.29)
11,390

(3.45)

Work 34,181

(10.10)***
15,258

(8.42)
812

(10.05)
33,369

(10.10)

* p<.1; ** p<.05; *** p<.01

Table 95: Harassment at private places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 8,709

(6.17)***
22,410

(5.92)
121

(5.35)
8,588

(6.18)
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Body and
appearance

15,895

(11.25)***
39,137

(10.35)
257

(11.37)
15,638

(11.25)

Business 12,442

(8.81)***
40,117

(10.60)
190

(8.40)
12,252

(8.81)

Clothes and
fashion

22,099

(15.64)***
55,825

(14.76)
365

(16.14)
21,734

(15.64)

Crime and law 15,176

(10.74)
40,974

(10.83)
250

(11.06)
14,926

(10.74)

Culture 30,964

(21.92)***
81,226

(21.47)
490

(21.67)
30,474

(21.92)

Education 15,831

(11.21)***
44,665

(11.81)
264

(11.68)
15,567

(11.20)

Family and life
stages

23,607

(16.71)***
59,271

(15.67)
385

(17.03)
23,222

(16.71)

Food and drink 20,806

(14.73)
55,732

(14.73)
352

(15.57)
20,454

(14.72)

Health 30,121

(21.32)***
75,823

(20.04)
524

(23.18)**
29,597

(21.29)

Houses and
buildings

21,781

(15.42)***
73,843

(19.52)
344

(15.21)
21,437

(15.42)

Language 27,182

(19.24)***
87,587

(23.15)
396

(17.51)**
26,786

(19.27)

Leisure 38,502

(27.26)***
106,484

(28.15)
640

(28.31)
37,862

(27.24)

Nature 19,727

(13.97)***
60,054

(15.87)
330

(14.60)
19,397

(13.95)

Personality
and emotions

58,722

(41.57)***
150,707

(39.84)
969

(42.86)
57,753

(41.55)

Religion and
politics

6,491

(4.60)**
17,946

(4.74)
111

(4.91)
6,380

(4.59)

Retail 9,450

(6.69)***
29,955

(7.92)
146

(6.46)
9,304

(6.69)

Science 9,523

(6.74)***
33,389

(8.83)
139

(6.15)
9,384

(6.75)

Social issues 6,590

(4.67)***
16,415

(4.34)
96

(4.25)
6,494

(4.67)

Technology 15,739

(11.14)
42,670

(11.28)
250

(11.06)
15,489

(11.14)

The media 10,915

(7.73)***
31,570

(8.35)
148

(6.55)**
10,767

(7.75)

Travel and
tourism

26,090

(18.47)***
77,462

(20.48)
469

(20.74)***
25,621

(18.43)
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War and
conflict

3,585

(2.54)***
12,774

(3.38)
63

(2.79)
3,522

(2.53)

Work 11,988

(8.49)***
37,451

(9.90)
197

(8.71)
11,791

(8.48)

* p<.1; ** p<.05; *** p<.01

Table 96: Harassment at semiprivate places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 10,366

(5.80)***
20,753

(6.09)
182

(6.08)
10,184

(5.80)

Body and
appearance

18,513

(10.37)***
36,519

(10.71)
314

(10.50)
18,199

(10.36)

Business 18,799

(10.53)***
33,760

(9.90)
313

(10.46)
18,486

(10.53)

Clothes and
fashion

26,350

(14.75)***
51,574

(15.13)
461

(15.41)
25,889

(14.74)

Crime and law 20,984

(11.75)***
35,166

(10.31)
335

(11.20)
20,649

(11.76)

Culture 40,344

(22.59)***
71,846

(21.07)
710

(23.74)
39,634

(22.57)

Education 20,981

(11.75)*
39,515

(11.59)
341

(11.40)
20,640

(11.75)

Family and life
stages

27,464

(15.38)***
55,414

(16.25)
440

(14.71)
27,024

(15.39)

Food and drink 27,316

(15.30)***
49,222

(14.44)
469

(15.68)
26,847

(15.29)

Health 35,053

(19.63)***
70,891

(20.79)
569

(19.02)
34,484

(19.64)

Houses and
buildings

36,367

(20.36)***
59,257

(17.38)
537

(17.95)***
35,830

(20.40)

Language 44,363

(24.84)***
70,406

(20.65)
763

(25.51)
43,600

(24.83)

Leisure 50,297

(28.16)***
94,689

(27.77)
821

(27.45)
49,476

(28.17)

Nature 26,137

(14.63)***
53,644

(15.73)
433

(14.48)
25,704

(14.64)

Personality
and emotions

71,952

(40.29)
137,477

(40.32)
1,144

(38.25)**
70,808

(40.32)

Religion and
politics

7,961

(4.46)***
16,476

(4.83)
128

(4.28)
7,833

(4.46)
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Retail 14,766

(8.27)***
24,639

(7.23)
252

(8.43)
14,514

(8.27)

Science 17,226

(9.65)***
25,686

(7.53)
251

(8.39)**
16,975

(9.67)

Social issues 7,486

(4.19)***
15,519

(4.55)
120

(4.01)
7,366

(4.19)

Technology 19,228

(10.77)***
39,181

(11.49)
316

(10.57)
18,912

(10.77)

The media 14,236

(7.97)***
28,249

(8.28)
254

(8.49)
13,982

(7.96)

Travel and
tourism

34,953

(19.57)***
68,599

(20.12)
571

(19.09)
34,382

(19.58)

War and
conflict

5,711

(3.20)
10,648

(3.12)
101

(3.38)
5,610

(3.19)

Work 18,831

(10.54)***
30,608

(8.98)
331

(11.07)
18,500

(10.54)

* p<.1; ** p<.05; *** p<.01

Table 97: Harassment at semipublic places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 1,973

(5.15)***
29,146

(6.06)
19

(4.09)
1,954

(5.17)

Body and
appearance

3,544

(9.26)***
51,488

(10.70)
47

(10.11)
3,497

(9.25)

Business 4,947

(12.92)***
47,612

(9.89)
40

(8.60)***
4,907

(12.98)

Clothes and
fashion

5,064

(13.23)***
72,860

(15.14)
62

(13.33)
5,002

(13.23)

Crime and law 3,421

(8.94)***
52,729

(10.96)
39

(8.39)
3,382

(8.94)

Culture 7,629

(19.93)***
104,561

(21.73)
83

(17.85)
7,546

(19.96)

Education 4,252

(11.11)***
56,244

(11.69)
59

(12.69)
4,193

(11.09)

Family and life
stages

5,303

(13.85)***
77,575

(16.12)
64

(13.76)
5,239

(13.86)

Food and drink 5,408

(14.13)***
71,130

(14.78)
56

(12.04)
5,352

(14.15)

Health 6,992

(18.27)***
98,952

(20.56)
76

(16.34)
6,916

(18.29)
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Houses and
buildings

10,505

(27.44)***
85,119

(17.69)
130

(27.96)
10,375

(27.44)

Language 9,138

(23.87)***
105,631

(21.95)
134

(28.82)**
9,004

(23.81)

Leisure 10,410

(27.20)***
134,576

(27.96)
98

(21.08)***
10,312

(27.27)

Nature 6,373

(16.65)***
73,408

(15.25)
59

(12.69)**
6,314

(16.70)

Personality
and emotions

15,849

(41.41)***
193,580

(40.22)
184

(39.57)
15,665

(41.43)

Religion and
politics

1,795

(4.69)
22,642

(4.70)
18

(3.87)
1,777

(4.70)

Retail 4,725

(12.34)***
34,680

(7.21)
33

(7.10)***
4,692

(12.41)

Science 5,481

(14.32)***
37,431

(7.78)
60

(12.90)
5,421

(14.34)

Social issues 1,637

(4.28)
21,368

(4.44)
16

(3.44)
1,621

(4.29)

Technology 4,418

(11.54)*
53,991

(11.22)
49

(10.54)
4,369

(11.55)

The media 4,820

(12.59)***
37,665

(7.83)
53

(11.40)
4,767

(12.61)

Travel and
tourism

8,973

(23.44)***
94,579

(19.65)
91

(19.57)**
8,882

(23.49)

War and
conflict

2,811

(7.34)***
13,548

(2.81)
27

(5.81)
2,784

(7.36)

Work 4,641

(12.12)***
44,798

(9.31)
40

(8.60)**
4,601

(12.17)

* p<.1; ** p<.05; *** p<.01

Table 98: Harassment at public places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 9,531

(5.96)
21,588

(6.00)
119

(5.77)
9,412

(5.96)

Body and
appearance

16,933

(10.58)
38,099

(10.60)
205

(9.93)
16,728

(10.59)

Business 15,282

(9.55)*
37,277

(10.37)
198

(9.59)
15,084

(9.55)

Clothes and
fashion

24,206

(15.13)*
53,718

(14.94)
301

(14.58)
23,905

(15.14)
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Crime and law 16,483

(10.30)***
39,667

(11.03)
202

(9.79)
16,281

(10.31)

Culture 34,370

(21.48)
77,820

(21.64)
415

(20.11)
33,955

(21.50)

Education 18,507

(11.57)
41,989

(11.68)
225

(10.90)
18,282

(11.58)

Family and life
stages

25,842

(16.15)***
57,036

(15.86)
331

(16.04)
25,511

(16.15)

Food and drink 23,596

(14.75)
52,942

(14.72)
327

(15.84)
23,269

(14.73)

Health 32,977

(20.61)***
72,967

(20.29)
438

(21.22)
32,539

(20.60)

Houses and
buildings

31,911

(19.94)***
63,713

(17.72)
430

(20.83)
31,481

(19.93)

Language 36,926

(23.08)***
77,843

(21.65)
472

(22.87)
36,454

(23.08)

Leisure 45,920

(28.70)***
99,066

(27.55)
593

(28.73)
45,327

(28.70)

Nature 23,157

(14.47)***
56,624

(15.75)
311

(15.07)
22,846

(14.47)

Personality
and emotions

65,911

(41.20)***
143,518

(39.91)
879

(42.59)
65,032

(41.18)

Religion and
politics

7,275

(4.55)***
17,162

(4.77)
85

(4.12)
7,190

(4.55)

Retail 13,319

(8.32)***
26,086

(7.25)
181

(8.77)
13,138

(8.32)

Science 14,572

(9.11)***
28,340

(7.88)
221

(10.71)**
14,351

(9.09)

Social issues 6,828

(4.27)***
16,177

(4.50)
85

(4.12)
6,743

(4.27)

Technology 18,584

(11.62)***
39,825

(11.08)
269

(13.03)**
18,315

(11.60)

The media 12,390

(7.74)***
30,095

(8.37)
158

(7.66)
12,232

(7.75)

Travel and
tourism

31,692

(19.81)
71,860

(19.99)
388

(18.80)
31,304

(19.82)

War and
conflict

4,163

(2.60)***
12,196

(3.39)
51

(2.47)
4,112

(2.60)

Work 14,336

(8.96)***
35,103

(9.76)
151

(7.32)***
14,185

(8.98)

* p<.1; ** p<.05; *** p<.01
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Table 99: Assault at private places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 6,683

(6.15)**
24,436

(5.95)
113

(6.14)
6,570

(6.15)

Body and
appearance

12,006

(11.04)***
43,026

(10.47)
229

(12.45)*
11,777

(11.02)

Business 10,747

(9.89)***
41,812

(10.18)
174

(9.46)
10,573

(9.89)

Clothes and
fashion

16,502

(15.18)*
61,422

(14.95)
277

(15.06)
16,225

(15.18)

Crime and law 11,883

(10.93)
44,267

(10.77)
198

(10.77)
11,685

(10.93)

Culture 24,038

(22.11)***
88,152

(21.46)
402

(21.86)
23,636

(22.12)

Education 12,506

(11.50)
47,990

(11.68)
193

(10.49)
12,313

(11.52)

Family and life
stages

18,274

(16.81)***
64,604

(15.72)
320

(17.40)
17,954

(16.80)

Food and drink 16,111

(14.82)
60,427

(14.71)
233

(12.67)***
15,878

(14.86)

Health 23,205

(21.34)***
82,739

(20.14)
421

(22.89)
22,784

(21.32)

Houses and
buildings

16,318

(15.01)***
79,306

(19.30)
273

(14.85)
16,045

(15.01)

Language 19,706

(18.13)***
95,063

(23.14)
318

(17.29)
19,388

(18.14)

Leisure 29,069

(26.74)***
115,917

(28.21)
513

(27.90)
28,556

(26.72)

Nature 15,284

(14.06)***
64,497

(15.70)
251

(13.65)
15,033

(14.07)

Personality
and emotions

44,541

(40.97)***
164,888

(40.13)
782

(42.52)
43,759

(40.94)

Religion and
politics

5,163

(4.75)
19,274

(4.69)
79

(4.30)
5,084

(4.76)

Retail 7,783

(7.16)***
31,622

(7.70)
123

(6.69)
7,660

(7.17)

Science 7,436

(6.84)***
35,476

(8.63)
121

(6.58)
7,315

(6.84)

Social issues 5,610

(5.16)***
17,395

(4.23)
90

(4.89)
5,520

(5.16)



A.4 chapter 7 : mobile population attribute patterns 191

Technology 12,249

(11.27)
46,160

(11.24)
214

(11.64)
12,035

(11.26)

The media 8,461

(7.78)***
34,024

(8.28)
126

(6.85)
8,335

(7.80)

Travel and
tourism

20,397

(18.76)***
83,155

(20.24)
329

(17.89)
20,068

(18.78)

War and
conflict

2,768

(2.55)***
13,591

(3.31)
55

(2.99)
2,713

(2.54)

Work 11,107

(10.22)***
38,332

(9.33)
168

(9.14)
10,939

(10.24)

* p<.1; ** p<.05; *** p<.01

Table 100: Assault at semiprivate places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 8,951

(5.89)*
22,168

(6.03)
196

(5.21)*
8,755

(5.91)

Body and
appearance

16,071

(10.57)
38,961

(10.60)
359

(9.55)**
15,712

(10.60)

Business 14,589

(9.60)***
37,970

(10.33)
303

(8.06)***
14,286

(9.64)

Clothes and
fashion

22,051

(14.51)***
55,873

(15.20)
513

(13.64)
21,538

(14.53)

Crime and law 16,375

(10.77)
39,775

(10.82)
347

(9.23)***
16,028

(10.81)

Culture 33,385

(21.96)***
78,805

(21.44)
819

(21.78)
32,566

(21.97)

Education 17,515

(11.52)*
42,981

(11.69)
400

(10.64)*
17,115

(11.55)

Family and life
stages

23,473

(15.44)***
59,405

(16.16)
532

(14.15)**
22,941

(15.48)

Food and drink 23,685

(15.58)***
52,853

(14.38)
490

(13.03)***
23,195

(15.65)

Health 29,804

(19.61)***
76,140

(20.71)
659

(17.52)***
29,145

(19.66)

Houses and
buildings

32,650

(21.48)***
62,974

(17.13)
828

(22.02)
31,822

(21.47)

Language 38,620

(25.41)***
76,149

(20.72)
883

(23.48)***
37,737

(25.46)

Leisure 42,129

(27.72)*
102,857

(27.98)
998

(26.54)
41,131

(27.75)
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Nature 21,751

(14.31)***
58,030

(15.79)
434

(11.54)***
21,317

(14.38)

Personality
and emotions

61,679

(40.58)**
147,750

(40.20)
1,471

(39.11)*
60,208

(40.62)

Religion and
politics

6,395

(4.21)***
18,042

(4.91)
134

(3.56)**
6,261

(4.22)

Retail 12,230

(8.05)***
27,175

(7.39)
264

(7.02)**
11,966

(8.07)

Science 14,361

(9.45)***
28,551

(7.77)
306

(8.14)***
14,055

(9.48)

Social issues 6,156

(4.05)***
16,849

(4.58)
170

(4.52)
5,986

(4.04)

Technology 16,055

(10.56)***
42,354

(11.52)
348

(9.25)***
15,707

(10.60)

The media 12,096

(7.96)***
30,389

(8.27)
258

(6.86)**
11,838

(7.99)

Travel and
tourism

30,401

(20.00)
73,151

(19.90)
666

(17.71)***
29,735

(20.06)

War and
conflict

3,666

(2.41)***
12,693

(3.45)
72

(1.91)**
3,594

(2.42)

Work 14,007

(9.22)***
35,432

(9.64)
315

(8.38)*
13,692

(9.24)

* p<.1; ** p<.05; *** p<.01

Table 101: Assault at semipublic places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 1,476

(5.02)***
29,643

(6.05)
24

(4.92)
1,452

(5.02)

Body and
appearance

2,976

(10.13)***
52,056

(10.62)
40

(8.20)
2,936

(10.16)

Business 2,833

(9.64)***
49,726

(10.14)
32

(6.56)**
2,801

(9.69)

Clothes and
fashion

4,167

(14.18)***
73,757

(15.05)
67

(13.73)
4,100

(14.19)

Crime and law 2,557

(8.70)***
53,593

(10.93)
42

(8.61)
2,515

(8.70)

Culture 5,457

(18.57)***
106,733

(21.77)
80

(16.39)
5,377

(18.60)

Education 2,766

(9.41)***
57,730

(11.78)
47

(9.63)
2,719

(9.41)
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Family and life
stages

4,607

(15.68)
78,271

(15.97)
76

(15.57)
4,531

(15.68)

Food and drink 3,953

(13.45)***
72,585

(14.81)
66

(13.52)
3,887

(13.45)

Health 5,573

(18.96)***
100,371

(20.48)
82

(16.80)
5,491

(19.00)

Houses and
buildings

8,500

(28.92)***
87,124

(17.77)
138

(28.28)
8,362

(28.93)

Language 7,581

(25.80)***
107,188

(21.87)
141

(28.89)
7,440

(25.74)

Leisure 7,983

(27.16)***
137,003

(27.95)
112

(22.95)**
7,871

(27.23)

Nature 5,435

(18.49)***
74,346

(15.17)
71

(14.55)**
5,364

(18.56)

Personality
and emotions

12,712

(43.25)***
196,717

(40.13)
213

(43.65)
12,499

(43.25)

Religion and
politics

1,177

(4.00)***
23,260

(4.75)
16

(3.28)
1,161

(4.02)

Retail 2,136

(7.27)**
37,269

(7.60)
25

(5.12)*
2,111

(7.30)

Science 3,915

(13.32)***
38,997

(7.96)
89

(18.24)***
3,826

(13.24)

Social issues 1,130

(3.84)***
21,875

(4.46)
19

(3.89)
1,111

(3.84)

Technology 3,131

(10.65)***
55,278

(11.28)
42

(8.61)
3,089

(10.69)

The media 3,972

(13.52)***
38,513

(7.86)
44

(9.02)***
3,928

(13.59)

Travel and
tourism

7,257

(24.69)***
96,295

(19.65)
112

(22.95)
7,145

(24.72)

War and
conflict

2,592

(8.82)***
13,767

(2.81)
17

(3.48)***
2,575

(8.91)

Work 2,581

(8.78)***
46,858

(9.56)
44

(9.02)
2,537

(8.78)

* p<.1; ** p<.05; *** p<.01

Table 102: Assault at public places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 12,520

(5.74)***
18,599

(6.17)
172

(4.59)***
12,348

(5.76)
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Body and
appearance

22,784

(10.45)***
32,248

(10.70)
376

(10.02)
22,408

(10.45)

Business 21,495

(9.86)***
31,064

(10.30)
315

(8.40)***
21,180

(9.88)

Clothes and
fashion

31,885

(14.62)***
46,039

(15.27)
525

(14.00)
31,360

(14.63)

Crime and law 23,224

(10.65)***
32,926

(10.92)
389

(10.37)
22,835

(10.65)

Culture 47,677

(21.86)***
64,513

(21.40)
791

(21.09)
46,886

(21.87)

Education 24,673

(11.31)***
35,823

(11.88)
421

(11.22)
24,252

(11.31)

Family and life
stages

34,380

(15.76)***
48,498

(16.09)
610

(16.26)
33,770

(15.76)

Food and drink 32,780

(15.03)***
43,758

(14.51)
531

(14.16)
32,249

(15.05)

Health 41,616

(19.08)***
64,328

(21.34)
662

(17.65)**
40,954

(19.11)

Houses and
buildings

42,185

(19.34)***
53,439

(17.73)
749

(19.97)
41,436

(19.33)

Language 50,651

(23.22)***
64,118

(21.27)
818

(21.81)**
49,833

(23.25)

Leisure 59,236

(27.16)***
85,750

(28.44)
1,050

(27.99)
58,186

(27.15)

Nature 33,159

(15.20)**
46,622

(15.46)
487

(12.98)***
32,672

(15.24)

Personality
and emotions

86,481

(39.65)***
122,948

(40.78)
1,478

(39.40)
85,003

(39.66)

Religion and
politics

9,524

(4.37)***
14,913

(4.95)
162

(4.32)
9,362

(4.37)

Retail 16,101

(7.38)***
23,304

(7.73)
289

(7.7)
15,812

(7.38)

Science 18,662

(8.56)***
24,250

(8.04)
322

(8.58)
18,340

(8.56)

Social issues 9,058

(4.15)***
13,947

(4.63)
155

(4.13)
8,903

(4.15)

Technology 24,346

(11.16)
34,063

(11.30)
373

(9.94)**
23,973

(11.18)

The media 18,728

(8.59)***
23,757

(7.88)
282

(7.52)**
18,446

(8.61)

Travel and
tourism

42,706

(19.58)***
60,846

(20.18)
715

(19.06)
41,991

(19.59)
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War and
conflict

8,084

(3.71)***
8,275

(2.74)
116

(3.09)**
7,968

(3.72)

Work 20,588

(9.44)
28,851

(9.57)
337

(8.98)
20,251

(9.45)

* p<.1; ** p<.05; *** p<.01

Table 103: Robbery at private places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 1,514

(5.87)
29,605

(6.00)
14

(6.86)
1,500

(5.86)

Body and
appearance

2,889

(11.20)***
52,143

(10.56)
38

(18.63)***
2,851

(11.14)

Business 2,297

(8.90)***
50,262

(10.18)
15

(7.35)
2,282

(8.92)

Clothes and
fashion

3,927

(15.22)
73,997

(14.99)
28

(13.73)
3,899

(15.23)

Crime and law 2,718

(10.53)
53,432

(10.82)
19

(9.31)
2,699

(10.54)

Culture 5,491

(21.28)
106,699

(21.61)
36

(17.65)
5,455

(21.31)

Education 2,566

(9.95)***
57,930

(11.73)
25

(12.25)
2,541

(9.93)

Family and life
stages

4,397

(17.04)***
78,481

(15.89)
36

(17.65)
4,361

(17.04)

Food and drink 3,535

(13.70)***
73,003

(14.79)
27

(13.24)
3,508

(13.70)

Health 5,652

(21.91)***
100,292

(20.31)
42

(20.59)
5,610

(21.92)

Houses and
buildings

3,533

(13.69)***
92,091

(18.65)
37

(18.14)*
3,496

(13.66)

Language 4,262

(16.52)***
110,507

(22.38)
37

(18.14)
4,225

(16.51)

Leisure 7,130

(27.63)
137,856

(27.92)
63

(30.88)
7,067

(27.61)

Nature 3,735

(14.48)***
76,046

(15.40)
27

(13.24)
3,708

(14.49)

Personality
and emotions

11,031

(42.75)***
198,398

(40.18)
83

(40.69)
10,948

(42.77)

Religion and
politics

1,210

(4.69)
23,227

(4.70)
12

(5.88)
1,198

(4.68)
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Retail 1,696

(6.57)***
37,709

(7.64)
11

(5.39)
1,685

(6.58)

Science 1,596

(6.19)***
41,316

(8.37)
14

(6.86)
1,582

(6.18)

Social issues 1,227

(4.76)***
21,778

(4.41)
12

(5.88)
1,215

(4.75)

Technology 3,008

(11.66)**
55,401

(11.22)
29

(14.22)
2,979

(11.64)

The media 1,813

(7.03)***
40,672

(8.24)
12

(5.88)
1,801

(7.04)

Travel and
tourism

4,580

(17.75)***
98,972

(20.04)
41

(20.10)
4,539

(17.73)

War and
conflict

694

(2.69)***
15,665

(3.17)
2

(0.98)
692

(2.70)

Work 2,085

(8.08)***
47,354

(9.59)
24

(11.76)*
2,061

(8.05)

* p<.1; ** p<.05; *** p<.01

Table 104: Robbery at semiprivate places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 3,208

(5.65)***
27,911

(6.03)
49

(7.95)**
3,159

(5.63)

Body and
appearance

6,044

(10.65)
48,988

(10.58)
73

(11.85)
5,971

(10.64)

Business 5,312

(9.36)***
47,247

(10.21)
53

(8.60)
5,259

(9.37)

Clothes and
fashion

8,580

(15.12)
69,344

(14.98)
100

(16.23)
8,480

(15.11)

Crime and law 5,488

(9.67)***
50,662

(10.95)
64

(10.39)
5,424

(9.66)

Culture 12,118

(21.35)
100,072

(21.62)
127

(20.62)
11,991

(21.36)

Education 6,580

(11.59)
53,916

(11.65)
79

(12.82)
6,501

(11.58)

Family and life
stages

8,514

(15.00)***
74,364

(16.07)
95

(15.42)
8,419

(15.00)

Food and drink 8,882

(15.65)***
67,656

(14.62)
124

(20.13)***
8,758

(15.60)

Health 11,005

(19.39)***
94,939

(20.51)
130

(21.10)
10,875

(19.37)
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Houses and
buildings

10,281

(18.12)*
85,343

(18.44)
109

(17.69)
10,172

(18.12)

Language 14,649

(25.81)***
100,120

(21.63)
158

(25.65)
14,491

(25.81)

Leisure 15,106

(26.62)***
129,880

(28.06)
172

(27.92)
14,934

(26.60)

Nature 8,132

(14.33)***
71,649

(15.48)
89

(14.45)
8,043

(14.33)

Personality
and emotions

22,490

(39.63)***
186,939

(40.39)
256

(41.56)
22,234

(39.61)

Religion and
politics

2,320

(4.09)***
22,117

(4.78)
25

(4.06)
2,295

(4.09)

Retail 4,600

(8.11)***
34,805

(7.52)
57

(9.25)
4,543

(8.09)

Science 4,321

(7.61)***
38,591

(8.34)
40

(6.49)
4,281

(7.63)

Social issues 2,510

(4.42)
20,495

(4.43)
35

(5.68)
2,475

(4.41)

Technology 5,895

(10.39)***
52,514

(11.35)
79

(12.82)**
5,816

(10.36)

The media 4,633

(8.16)
37,852

(8.18)
59

(9.58)
4,574

(8.15)

Travel and
tourism

10,585

(18.65)***
92,967

(20.09)
107

(17.37)
10,478

(18.67)

War and
conflict

1,459

(2.57)***
14,900

(3.22)
19

(3.08)
1,440

(2.57)

Work 4,721

(8.32)***
44,718

(9.66)
71

(11.53)***
4,650

(8.28)

* p<.1; ** p<.05; *** p<.01

Table 105: Robbery at semipublic places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 882

(6.72)***
30,237

(5.97)
7

(5.15)
875

(6.74)

Body and
appearance

1,307

(9.96)**
53,725

(10.61)
11

(8.09)
1,296

(9.98)

Business 1,324

(10.09)
51,235

(10.12)
7

(5.15)
1,317

(10.14)

Clothes and
fashion

2,000

(15.24)
75,924

(14.99)
20

(14.71)
1,980

(15.25)
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Crime and law 1,226

(9.34)***
54,924

(10.85)
10

(7.35)
1,216

(9.36)

Culture 2,600

(19.81)***
109,590

(21.64)
24

(17.65)
2,576

(19.84)

Education 1,342

(10.23)***
59,154

(11.68)
7

(5.15)**
1,335

(10.28)

Family and life
stages

2,029

(15.46)
80,849

(15.96)
22

(16.18)
2,007

(15.46)

Food and drink 2,046

(15.59)***
74,492

(14.71)
22

(16.18)
2,024

(15.59)

Health 2,542

(19.37)***
103,402

(20.42)
22

(16.18)
2,520

(19.41)

Houses and
buildings

2,580

(19.66)***
93,044

(18.37)
18

(13.24)*
2,562

(19.73)

Language 3,271

(24.93)***
111,498

(22.02)
29

(21.32)
3,242

(24.97)

Leisure 3,572

(27.22)*
141,414

(27.92)
37

(27.21)
3,535

(27.22)

Nature 1,771

(13.50)***
78,010

(15.40)
22

(16.18)
1,749

(13.47)

Personality
and emotions

5,229

(39.85)
204,200

(40.32)
56

(41.18)
5,173

(39.84)

Religion and
politics

545

(4.15)***
23,892

(4.72)
7

(5.15)
538

(4.14)

Retail 1,112

(8.47)***
38,293

(7.56)
10

(7.35)
1,102

(8.49)

Science 1,112

(8.47)
41,800

(8.25)
5

(3.68)**
1,107

(8.52)

Social issues 530

(4.04)**
22,475

(4.44)
4

(2.94)
526

(4.05)

Technology 1,359

(10.36)***
57,050

(11.26)
8

(5.88)*
1,351

(10.4)

The media 988

(7.53)***
41,497

(8.19)
7

(5.15)
981

(7.55)

Travel and
tourism

2,747

(20.93)***
100,805

(19.90)
24

(17.65)
2,723

(20.97)

War and
conflict

310

(2.36)***
16,049

(3.17)
6

(4.41)
304

(2.34)

Work 1,139

(8.68)***
48,300

(9.54)
8

(5.88)
1,131

(8.71)

* p<.1; ** p<.05; *** p<.01
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Table 106: Robbery at public places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 5,695

(5.74)***
25,424

(6.05)
41

(5.02)
5,654

(5.75)

Body and
appearance

10,138

(10.22)***
44,894

(10.68)
90

(11.03)
10,048

(10.22)

Business 8,306

(8.38)***
44,253

(10.53)
62

(7.60)
8,244

(8.38)

Clothes and
fashion

14,543

(14.67)***
63,381

(15.08)
105

(12.87)
14,438

(14.68)

Crime and law 9,818

(9.90)***
46,332

(11.02)
86

(10.54)
9,732

(9.90)

Culture 20,834

(21.01)***
91,356

(21.73)
169

(20.71)
20,665

(21.01)

Education 10,039

(10.12)***
50,457

(12.00)
63

(7.72)**
9,976

(10.14)

Family and life
stages

15,819

(15.95)
67,059

(15.95)
149

(18.26)*
15,670

(15.93)

Food and drink 13,946

(14.06)***
62,592

(14.89)
113

(13.85)
13,833

(14.07)

Health 19,540

(19.71)***
86,404

(20.55)
155

(19.00)
19,385

(19.71)

Houses and
buildings

16,612

(16.75)***
79,012

(18.79)
120

(14.71)
16,492

(16.77)

Language 19,854

(20.02)***
94,915

(22.58)
159

(19.49)
19,695

(20.03)

Leisure 25,985

(26.21)***
119,001

(28.31)
180

(22.06)***
25,805

(26.24)

Nature 13,574

(13.69)***
66,207

(15.75)
112

(13.73)
13,462

(13.69)

Personality
and emotions

40,217

(40.56)*
169,212

(40.25)
328

(40.20)
39,889

(40.56)

Religion and
politics

4,253

(4.29)***
20,184

(4.8)
29

(3.55)
4,224

(4.30)

Retail 6,606

(6.66)***
32,799

(7.80)
47

(5.76)
6,559

(6.67)

Science 8,114

(8.18)
34,798

(8.28)
55

(6.74)
8,059

(8.19)

Social issues 4,383

(4.42)
18,622

(4.43)
31

(3.80)
4,352

(4.43)
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Technology 10,768

(10.86)***
47,641

(11.33)
68

(8.33)**
10,700

(10.88)

The media 7,221

(7.28)***
35,264

(8.39)
55

(6.74)
7,166

(7.29)

Travel and
tourism

17,550

(17.70)***
86,002

(20.46)
153

(18.75)
17,397

(17.69)

War and
conflict

2,544

(2.57)***
13,815

(3.29)
20

(2.45)
2,524

(2.57)

Work 7,894

(7.96)***
41,545

(9.88)
57

(6.99)
7,837

(7.97)

* p<.1; ** p<.05; *** p<.01

Table 107: Drug at private places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 1,149

(5.58)**
29,970

(6.01)
26

(6.39)
1,123

(5.56)

Body and
appearance

2,092

(10.15)**
52,940

(10.61)
43

(10.57)
2,049

(10.15)

Business 1,570

(7.62)***
50,989

(10.22)
37

(9.09)
1,533

(7.59)

Clothes and
fashion

2,846

(13.81)***
75,078

(15.05)
49

(12.04)
2,797

(13.85)

Crime and law 1,918

(9.31)***
54,232

(10.87)
32

(7.86)
1,886

(9.34)

Culture 4,002

(19.43)***
108,188

(21.68)
77

(18.92)
3,925

(19.44)

Education 1,850

(8.98)***
58,646

(11.75)
30

(7.37)
1,820

(9.01)

Family and life
stages

3,273

(15.89)
79,605

(15.95)
69

(16.95)
3,204

(15.87)

Food and drink 2,439

(11.84)***
74,099

(14.85)
50

(12.29)
2,389

(11.83)

Health 4,129

(20.04)
101,815

(20.41)
78

(19.16)
4,051

(20.06)

Houses and
buildings

2,594

(12.59)***
93,030

(18.64)
46

(11.30)
2,548

(12.62)

Language 2,562

(12.44)***
112,207

(22.49)
58

(14.25)
2,504

(12.4)

Leisure 5,033

(24.43)***
139,953

(28.05)
101

(24.82)
4,932

(24.42)
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Nature 2,747

(13.33)***
77,034

(15.44)
65

(15.97)
2,682

(13.28)

Personality
and emotions

8,040

(39.03)***
201,389

(40.36)
149

(36.61)
7,891

(39.07)

Religion and
politics

949

(4.61)
23,488

(4.71)
12

(2.95)
937

(4.64)

Retail 1,225

(5.95)***
38,180

(7.65)
14

(3.44)**
1,211

(6.00)

Science 1,172

(5.69)***
41,740

(8.37)
15

(3.69)*
1,157

(5.73)

Social issues 837

(4.06)***
22,168

(4.44)
13

(3.19)
824

(4.08)

Technology 2,203

(10.69)**
56,206

(11.26)
36

(8.85)
2,167

(10.73)

The media 1,263

(6.13)***
41,222

(8.26)
24

(5.90)
1,239

(6.14)

Travel and
tourism

3,439

(16.69)***
100,113

(20.06)
65

(15.97)
3,374

(16.71)

War and
conflict

456

(2.21)***
15,903

(3.19)
9

(2.21)
447

(2.21)

Work 1,505

(7.31)***
47,934

(9.61)
32

(7.86)
1,473

(7.29)

* p<.1; ** p<.05; *** p<.01

Table 108: Drug at semiprivate places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 1,796

(5.71)**
29,323

(6.01)
61

(5.39)
1,735

(5.72)

Body and
appearance

3,086

(9.81)***
51,946

(10.64)
87

(7.69)**
2,999

(9.89)

Business 2,776

(8.83)***
49,783

(10.20)
58

(5.13)***
2,718

(8.97)

Clothes and
fashion

4,409

(14.02)***
73,515

(15.06)
138

(12.20)*
4,271

(14.09)

Crime and law 2,898

(9.22)***
53,252

(10.91)
107

(9.46)
2,791

(9.21)

Culture 6,892

(21.92)
105,298

(21.57)
216

(19.10)**
6,676

(22.02)

Education 3,386

(10.77)***
57,110

(11.70)
280

(24.76)***
3,106

(10.25)
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Family and life
stages

4,790

(15.23)***
78,088

(16.00)
159

(14.06)
4,631

(15.28)

Food and drink 4,526

(14.39)*
72,012

(14.75)
92

(8.13)***
4,434

(14.63)

Health 5,584

(17.76)***
100,360

(20.56)
163

(14.41)***
5,421

(17.88)

Houses and
buildings

7,322

(23.29)***
88,302

(18.09)
351

(31.03)***
6,971

(23.00)

Language 7,857

(24.99)***
106,912

(21.90)
264

(23.34)
7,593

(25.05)

Leisure 9,293

(29.55)***
135,693

(27.80)
318

(28.12)
8,975

(29.61)

Nature 4,131

(13.14)***
75,650

(15.50)
108

(9.55)***
4,023

(13.27)

Personality
and emotions

12,848

(40.86)**
196,581

(40.27)
389

(34.39)***
12,459

(41.10)

Religion and
politics

1,179

(3.75)***
23,258

(4.76)
37

(3.27)
1,142

(3.77)

Retail 3,389

(10.78)***
36,016

(7.38)
92

(8.13)***
3,297

(10.88)

Science 3,566

(11.34)***
39,346

(8.06)
80

(7.07)***
3,486

(11.50)

Social issues 1,185

(3.77)***
21,820

(4.47)
49

(4.33)
1,136

(3.75)

Technology 3,234

(10.28)***
55,175

(11.30)
83

(7.34)***
3,151

(10.39)

The media 2,449

(7.79)***
40,036

(8.20)
90

(7.96)
2,359

(7.78)

Travel and
tourism

5,562

(17.69)***
97,990

(20.08)
155

(13.70)***
5,407

(17.84)

War and
conflict

746

(2.37)***
15,613

(3.20)
19

(1.68)
727

(2.40)

Work 2,681

(8.53)***
46,758

(9.58)
56

(4.95)***
2,625

(8.66)

* p<.1; ** p<.05; *** p<.01

Table 109: Drug at semipublic places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 856

(5.02)***
30,263

(6.02)
13

(4.09)
843

(5.04)
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Body and
appearance

1,546

(9.07)***
53,486

(10.64)
21

(6.60)
1,525

(9.12)

Business 1,606

(9.42)***
50,953

(10.14)
34

(10.69)
1,572

(9.40)

Clothes and
fashion

2,381

(13.97)***
75,543

(15.03)
46

(14.47)
2,335

(13.96)

Crime and law 1,399

(8.21)***
54,751

(10.90)
33

(10.38)
1,366

(8.17)

Culture 2,999

(17.59)***
109,191

(21.73)
65

(20.44)
2,934

(17.54)

Education 1,517

(8.90)***
58,979

(11.74)
21

(6.60)
1,496

(8.94)

Family and life
stages

2,739

(16.07)
80,139

(15.95)
55

(17.30)
2,684

(16.05)

Food and drink 2,243

(13.16)***
74,295

(14.78)
45

(14.15)
2,198

(13.14)

Health 3,097

(18.17)***
102,847

(20.47)
60

(18.87)
3,037

(18.16)

Houses and
buildings

4,923

(28.88)***
90,701

(18.05)
82

(25.79)
4,841

(28.94)

Language 4,590

(26.93)***
110,179

(21.93)
84

(26.42)
4,506

(26.94)

Leisure 4,667

(27.38)
140,319

(27.92)
79

(24.84)
4,588

(27.43)

Nature 3,855

(22.62)***
75,926

(15.11)
50

(15.72)***
3,805

(22.75)

Personality
and emotions

6,677

(39.17)***
202,752

(40.35)
120

(37.74)
6,557

(39.20)

Religion and
politics

617

(3.62)***
23,820

(4.74)
8

(2.52)
609

(3.64)

Retail 1,245

(7.30)
38,160

(7.59)
22

(6.92)
1,223

(7.31)

Science 1,655

(9.71)***
41,257

(8.21)
33

(10.38)
1,622

(9.70)

Social issues 595

(3.49)***
22,410

(4.46)
12

(3.77)
583

(3.49)

Technology 1,920

(11.26)
56,489

(11.24)
32

(10.06)
1,888

(11.29)

The media 3,089

(18.12)***
39,396

(7.84)
41

(12.89)**
3,048

(18.22)

Travel and
tourism

4,950

(29.04)***
98,602

(19.62)
80

(25.16)
4,870

(29.11)



A.4 chapter 7 : mobile population attribute patterns 204

War and
conflict

2,254

(13.22)***
14,105

(2.81)
21

(6.60)***
2,233

(13.35)

Work 1,726

(10.13)***
47,713

(9.49)
27

(8.49)
1,699

(10.16)

* p<.1; ** p<.05; *** p<.01

Table 110: Drug at public places: frequency of topic by each group

Group A Group B Group A1 Group A2

N (%) N (%) N (%) N (%)
Animals 8,303

(5.88)**
22,816

(6.03)
222

(5.81)
8,081

(5.88)

Body and
appearance

14,823

(10.49)
40,209

(10.63)
364

(9.53)*
14,459

(10.52)

Business 12,414

(8.79)***
40,145

(10.61)
310

(8.12)
12,104

(8.80)

Clothes and
fashion

20,424

(14.45)***
57,500

(15.20)
518

(13.57)
19,906

(14.48)

Crime and law 15,177

(10.74)
40,973

(10.83)
367

(9.61)**
14,810

(10.77)

Culture 30,379

(21.50)
81,811

(21.63)
766

(20.06)**
29,613

(21.54)

Education 15,672

(11.09)***
44,824

(11.85)
408

(10.69)
15,264

(11.10)

Family and life
stages

22,348

(15.82)
60,530

(16.00)
566

(14.82)*
21,782

(15.84)

Food and drink 20,425

(14.45)***
56,113

(14.83)
490

(12.83)***
19,935

(14.50)

Health 28,813

(20.39)
77,131

(20.39)
688

(18.02)***
28,125

(20.46)

Houses and
buildings

29,398

(20.80)***
66,226

(17.51)
854

(22.37)**
28,544

(20.76)

Language 33,008

(23.36)***
81,761

(21.62)
934

(24.46)
32,074

(23.33)

Leisure 39,296

(27.81)
105,690

(27.94)
1,084

(28.39)
38,212

(27.79)

Nature 21,411

(15.15)**
58,370

(15.43)
512

(13.41)***
20,899

(15.20)

Personality
and emotions

57,990

(41.04)***
151,439

(40.04)
1,535

(40.20)
56,455

(41.06)

Religion and
politics

6,073

(4.30)***
18,364

(4.85)
125

(3.27)***
5,948

(4.33)
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Retail 11,026

(7.80)***
28,379

(7.50)
310

(8.12)
10,716

(7.79)

Science 13,137

(9.30)***
29,775

(7.87)
406

(10.63)***
12,731

(9.26)

Social issues 5,742

(4.06)***
17,263

(4.56)
153

(4.01)
5,589

(4.07)

Technology 15,904

(11.26)
42,505

(11.24)
376

(9.85)***
15,528

(11.29)

The media 13,010

(9.21)***
29,475

(7.79)
284

(7.44)***
12,726

(9.26)

Travel and
tourism

29,378

(20.79)***
74,174

(19.61)
748

(19.59)*
28,630

(20.82)

War and
conflict

5,360

(3.79)***
10,999

(2.91)
104

(2.72)***
5,256

(3.82)

Work 12,358

(8.75)***
37,081

(9.80)
269

(7.05)***
12,089

(8.79)

* p<.1; ** p<.05; *** p<.01
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